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ABSTRACT

Insurance contributes to a country’s economic growth and development. However, despite the
plethora of insurance efficiency studies in literature, there are very few insurance efficiency studies
in Ghana. Besides, insurance penetration is yet to grow significantly in Ghana, even though various
reforms have been enacted to increase insurance penetration and insurance efficiency in Ghana.
This study seeks to evaluate the aggregated and disaggregated efficiencies of insurers in Ghana
over a sample of 30 insurers from 2008 to 2019, using the non-oriented non-radial multi-directional
efficiency analysis and to investigate the impact of competition, leverage, size, solvency,

profitability, insurer type and underwriting risk on MEA insurance efficiencies using robust

econometric models.

The study data was obJ to the NIC.

The results confirmed t hen undesirable outputs

are excluded from ins r variables, investment
income was identified he overall performance
of insurers. Claims was d by labour. Among the
insurance groups, life i y well on its aggregated
and disaggregated effi ‘previous year’s overall

performance of insurers 3 s the determinants of MEA
insurance eﬁicien@a‘na. ‘ : o : __@u!

* g JE |! 3
The inclusion of claims a aﬁﬁl‘rﬁ&@ﬂq pm@@jﬂﬂh&,ﬁgs ssment enables insurance

regulators identify the true efficiency levels of Ghanaian life and non-life insurers.

Key words: claims, insurance, multi-directional efficiency analysis, second-stage analysis,
undesirable output.
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CHAPTER ONE

INTRODUCTION

1.1 Background study

The insurance and banking sectors contribute positively towards economic growth and
development (Han, Li, Moshirian & Tian., 2010; Ibrahim & Alagidede, 2017; Levine, Loayza &
Beck, 2000; Pradhan Arvin, Nair, Bennett, & Hall., 2018; Ward & Zurbruegg, 2000). The
insurance sector is seen as one of the key components of monetary development as it expands
speculations, guarantees legitimate assignment of assets, advances cost decrease through liquidity

creation and offers finanei ankar, 2015; Han et al.,

2010; Lee, Chiu & economic growth and

development, regulato hers have been looking
for ways to determine a vity of insurers (Biener,
Eling & Wirfs, 2016 . This has spawned a
multiplicity of insura studies over the years
(Biener et al., 2016; Ho : Lim, Lee & Har, 2020;
Ohene-Asare, Asare &
Despite the different re
separation of insurers |
labour units and inn product
2019). Hence, the. need to WPE

efficiency and dynamic productivity studies-in-Ghana are fimited (Ansah -Adu, Andoh & Abor,

2012; Danquah et al., 2018; Ohene-Asare et al., 2019; Oppong, Pattanayak & Irfan, 2019).
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One approach for the efficiency assessment of insurers is Data Envelopment Analysis (DEA). This
is a nonparametric linear programming frontier optimization methodology for assessing the
relative efficiency of homogenous decision making units (DMUSs) that consume multiple distinct
inputs to produce multiple outputs (Banker, Charnes & Cooper, 1984; Charnes, Cooper & Rhodes.,
1978; Farrell, 1957; Cooper, Seiford & Zhu, 2004) (i.e. CCR and BCC). The method involves the
construction of a production or cost or profit frontier from the observed data points using the best-
practice organizational entities and measuring the (in) efficiency of a DMU by projecting the
observation via the distance in relation to the frontier constructed by the dominating units (Cook
& Zhu, 2005; Cooper, Seiford & Zhu, 2011; Cummins, Rubio-Misas & Zi, 2004; Fried, Lovell &

Schmidt, 2008; Lozano & identifies those firms on

the frontier as efficien Us, pinpoints potential

improvements (i.e. i and can be used for
benchmarking purpose grams or policies etc.
(Balezentis & De Witte ni, 2020). However, the
use of the radial inpu single CCR and BCC
aggregated efficiency insights instead of a
completely disaggrega of individual-specific
inputs and outputs (Ast hews, 2012; Balezentis

& De Witte, 2015; Kape _eontitsis & Sickles, 2020).

Itis argued in this @131 a particula n@gn in another input
say, labour or anather output t-premium. Thus ﬁTJ is-the| need to be able to select
e

benchmarks such that the non-radial adjustments to the inputs and outputs correspond to the

ing better i

potential improvements identified by considering the individual improvement potential in the

variables (Asmild & Matthews, 2012). This is important given the fact that this study first-hand

2
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mathematically models claims as an undesirable output. Even though claims were included in
some studies as an input (Gaganis, Hasan & Pasiouras, 2013; Rai, 1996; Wu, Yang, Vela & Liang,
2007; Yang, 2006; Yao, Han & Feng, 2007), they are yet to be properly incorporated in the
modelling of the behaviour of the insurance firm. This paper first-hand in literature, models claims
as an undesirable output using the non-radial non-oriented multi-directional efficiency (MEA) of
Bogetoft and Hougaard (1999) and Asmild et al., (2003).

Therefore, the purpose of this study is to evaluate the input-specific and output-specific
efficiencies of insurers in Ghana over a sample of 30 insurers from 2008 to 2019, and to pinpoint
claims and labour contractions and net premiums and investment income potentials across life and

non-life insurers. This ial MEA model. Besides,

the study will examine fe insurance groups with

their variable-specific e surance-specific factors
- competition, size, sol underwriting risk- that
may influence the co econometric regression

methods.

1.2 Problem state

Despite the increasing 2r et al., 2016; Biener &

Eling, 2012; Cummins, Ruk uhnen, 2010; Kaffash et al.,

|
irst and foremost,

1

untry’s economy, none of

2020; Wise, 2017); q

| ‘ s — | =
notwithstanding the-key ¢ trjwmﬁnw%ﬁ&e&ﬂnmﬁa
the insurance efficiency studies has examined the d}éaggregated view of efficiency estimates via
the contributions of individual inputs and/or outputs using the innovative MEA. EXxisting studies

have rather assessed cost or technical or profit efficiency or dynamic productivity (Alhassan &

3
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Biekpe, 2016; Allen & Thanassoulis, 2004; Barros, Nektarios & Assaf, 2010; Diacon, Starkey &

O'Brien, 2002; Eling & Luhnen, 2010; Ohene-Asare et al., 2019; Yao et al., 2007). Some of these
studies further identified the exogenous determinants of insurance efficiency (Alhassan et al.,
2015; Biener et al., 2016; Ohene-Asare et al., 2019; Owusu-Ansah, Dontwi, Seidu, Abudulai &
Sebil., 2010). However, the identification of specific input and output variables that contribute to

(in)efficiency is important to formulate and assess policy reforms.

Second, the distortions in efficiency scores potentially caused by the exclusion of undesirable
outputs in efficiency assessment (Assaf, Matousek & Tsionas, 2013; Atkinson & Dorfman, 2005;

Fernandez, Koop & Steel, 2002) has resulted in the development of different efficiency techniques

for undesirable output: en, Wang & Lai 2017;

Dyckhoff & Allen, 20 imoori & Kordrostami,

2014) as the classical C t of undesirable outputs

(Féare & Grosskopf, 20 rous undesirable output

efficiency studies in th I & Mavi, 2019; Wang
et al., 2015) and the b parast, 2006; Asmild &
Matthews, 2012; Assa 2). However, a cursory
glance at the 132 DEA ash et al. (2020), the 27
studies by Eling and L mmins and Weiss (2013)
reveals that no insurance € al impla_?t of claims as an

|
‘classical DEA to

undesirable output:

~~With the production of

o prsac of sl i

undesirable output(s) (Assaf et al., 2013; Sueyoshi & Goto, 2010) being part of insurance services,

compute efficiency score

there is the need for insurance efficiency to be examined by mathematically modelling claims as

an undesirable output.
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Finally, with MEA being a non-parametric efficiency measure, the existing DEA critics - non
statistical and deterministic - as a non-parametric efficiency measure (Schmidt, 1986; Simar &
Wilson, 2000, 2007) extends to the novel MEA (Asmild et al., 2019; Asmild & Matthews, 2012;
Tziogkidis et al., 2020), non-radial non-parametric efficiency measure. Even though various
researchers have suggested alternative approaches to these critics (Banker, 1996; Simar & Wilson,
1998, 2000), several robust econometric regression methods have been adopted in some DEA
studies (Ansah-Adu et al., 2012; Barros & Wanke, 2014; Biener et al., 2016; Giantsios & Noulas,
2020; Ohene-Asare et al., 2019). However, to the best of the author’s knowledge, only few studies
have examined the impact of exogenous covariates on the integrated efficiencies using robust

econometric regression variates to be examined

on the MEA integrated

1.3 Contributions (

From the gaps identifie ntributions to academic

literature, policy formLJ

First, the measure of ing desirable output distorts

efficiency scores hen lp insurance regulators

identify true efficiency Ie . In addition, the variable-

specific e1‘ficiency@lc the life and ne | { @ enact appropriate
policies so as to how to increase;individual insurance efficiency and country insurance efficiency.
ﬂ WIECH anﬁiﬁﬂﬁk

will enable

On practice contribution, the study will provide insurance managers with the variable-specific
efficiencies of some life and non-life insurers in Ghana. Managers can easily identify specific (in)

efficient outputs and inputs to aid variable-specific efficiency analysis.

5



University of Ghana http://ugspace.ug.edu.gh

Finally, the academic contributions come in three folds. This study is the premier insurance
efficiency study that mathematically models claims as an undesirable output using the non-radial
non-oriented MEA model. Second, it makes an empirical contribution as it uses the non-radial
MEA to assess insurance efficiency. Finally, the study identifies the impact of exogenous

covariates on integrated insurance efficiencies.

1.4 Research objectives

The main objective of the study is to assess the variable-specific efficiency scores of Ghanaian

insurers over the period able output. The specific

objectives are to:

i.  Model claims a ) compare the efficiency
estimates betwe | e ang Jesirg ut.
ii.  Assess the inpu ifi ici i inadisaggregated view.

iii.  Assess the co andsvariable-specificieffic ences between life and

iv.  Investigate thos of S ariat ect MEA | efficiencies.

i.  Are there differences between the agg!%gland- elalms*-spemflc efficiency scores of
insurers when claims are either used as a desirable or an undesirable output?

ii.  What are the input and output-specific efficiency scores of Ghanaian insurers?
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iii. Do life insurers outperform non-life insurers in terms of comprehensive and variable-
specific efficiencies?

iv.  Which insurance-specific factors affect MEA insurance efficiencies?

1.6 Research scope and limitations

This study is focused on life and non-life insurers operating in Ghana. The analysis of this study

is based on 13 life and 17 non-life insurers that had been in operation from 2008 to 2019.

This study is limited to insurers whose audited financial reports had been presented to the NIC and
had been in operation and non-life insurers are

used for the study.

1.7 Organisation o

The study is divided i | ackground of the study,

the problem statement the research scope and
some limitations that er reviews and discusses
hereas the third chapter
er is used to present the

recommendations

In general, this study seeks to evaluate the input/output-specific efficiencies of Ghanaian insurers

over a sample of 30 insurers from 2008 to 2019, and to pinpoint variable potentials across life and
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non-life insurers in Ghana. The study seeks to help insurance regulators and academic researchers
identify the true efficiency levels of Ghanaian insurers in the presence of undesirable outputs

(claims).
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CHAPTER TWO

LITERATURE REVIEW

2.1 Introduction

This chapter reviews theoretical and empirical literature on insurance efficiency, undesirable
outputs and presents an overview of the Ghanaian insurance sector. The overview of the Ghanaian
insurance sector discusses the sector’s history, recent reforms and the present composition of the
sector. The empirical review discusses recent literature on insurance efficiency, undesirable output
in the insurance sector and variable-specific efficiency assessment whereas the theoretical review

section discusses existi production process and

variable- specific effic

theory (MCPT) for the

production of undesira S or var efficiency assessment.

The MCPT is an extension : ' of individual valued added

/i output variables
|

such that the function. tra fWFE@HT ﬁﬁﬁ&gﬁﬁm ' _.

: 1 .
ifferent values which are

either created or destroyed in the produétion pra;ssn(Dyckhoff, 2018). The expansion of the
conventional production theories was based on the undeniable contrast between distinct objectives;

the input and output variables of a production process objective and the implications of the

9
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variables for decision maker's (or an external evaluator's) objective. Whereas the conventional
production theories consider these objective to be the same, the MCPT model clearly distinguishes
the notion(s) of inputs and outputs. Following Frisch (1965) inputs were defined as things (good
and services) which enter the production process, (and sometimes lose their initial identity), and
outputs as things (goods and services) which emerge from a transformation process. Dyckhoff
(2018) added that the transformation process of inputs into outputs extends to the production of

undesirable outputs like waste or emissions.

In the economics sense, production is explained as a process which transforms things with the

motive of generating more benefits (positive value created and negative values destroyed) than

costs (consume positiv (2018) suggests the use

of different scales (theli 5 variables. This concept
of production underpi > outputs in efficiency
assessment. Employing athematically modelled

as undesirable outputs |

2.2.2 Decision theory
Decision theory is a the ). The theory studies the

logic and mathematical pt

(Fox, 2000). The @s‘ concerne e aviourl@psence of options

(Hansson, 2005). It is clamﬂnto two.main classes,lthe—n@e decision theory and the
. NTEGRI P E WML “

descriptive decision theory. The classmca{lon of theory dlstlngmshes how decisions ought to

1 maker/agent is uncertain

be taken (normative decision theory) from however decisions are taken (descriptive decision

theory) (Hansson, 2005).

10
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This theory can be traced back the eighteenth century (Mendoza & Gutleierrex-Pena, 2017).

However, in the middle of the 20" century, the theory has developed rapidly through contributions
from various academic disciplines (statistics, psychology, mathematics, economics, biology, data
science) into an academic field of its own (Mendoza & Gutleierrex-Pena, 2017; Hansson, 1990).
Overtime, the theory has received contributions from some newly fields such as jurisprudence,

artificial intelligence, optimization, social decision theory and game theory (Hansson, 1991).

The goal of all decision makers (firms, individuals, groups, etc) is to obtain desirable result(s) at
the end of the decision-making process. In line with Mendoza and Gutleierrex-Pena (2017), the

decision problem of decision makers is defined as an instance where the agent/decision maker is

presented with a set ted consequence, C =

{cy,c 00} 10 C nformation with the
outcome/consequence ith certainty. However,
agents are usually pres hich is mathematically

modelled as:

1. A= {al, ay, ...
2. E = {E111E12’

3. C = {C11,C12,

where A are exhaustive al

action a;. The Col@j ,events is a
consequences, Wh“e:eﬁachaogmqbeﬁtﬁ?‘ EIWME&

line with Bogetoft and Hougaard (1999), the analogy of an ideal plan embedded in this theory is

‘uncertain events for every
_—

a partition of.ce ents. C is a set of

utleierrex-Pena, 2017). In

used as an underlying theory for the (variable-specific) efficiency assessment of Ghanaian insurers.

11
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2.3 Empirical studies
This section reviews some existing efficiency studies in the insurance sector that captured claims
as an input or output, including variable-specific efficiency studies in the banking, energy,
transport and agricultural sectors. The review comprises the method employed in the study, the

study period, sample size and the study's findings.

2.3.1 Insurance efficiency
The insurance market has been incredibly profitable over the years; however, the market is being

fraught with several challenges ium undercutting, motor

insurance fraud and cant interest over their

efficiency measureme 5 has been demonstrated
to have implications f iterature appears to be
dominated by two effi ency mMeasuremer hnio nar ata envelopment analysis (DEA)
and stochastic frontier 17). It is noteworthy to
mention that available very little difference in

the efficiency scores ca 0).

Using DEA and SFA d the technical and cost

efficiency of over 6400 int bserved that both technical
and cost eﬁicienc@gernatioa insu ot eriehce ast h with Denmark
i — 3 i
and Japan operating the highly gfficient insuranee S wh
il TR PROCEDAMUS

inefficient insurance market. Interestingly, the authors find evidence that belies the expense

e Philippines is the most

preference hypothesis as larger insurers were observed to be more efficient than smaller ones.

12
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Al-Amri, Gattoufi, and Al-Muharrami (2012) examined the technical efficiency of insurance firms
in the GCC regional market. Using DEA methodology on 32 insurers over the period 2005 to 2007,
they found that the GCC insurance market is moderately efficient. Similarly, the efficiency
performance of the Indian health insurance industry has been found to be operating suboptimal in
terms of technical efficiency with just 30% efficient health insurers (Siddiqui, 2021). Additionally,
it was noted that stand-alone health insurers had superior level of technical efficiency compared
to health insurance division under general insurers, supporting the strategic focus hypothesis

against the conglomeration hypothesis.

Cummins and Weiss (2013) developed the stochastic frontier analysis and the non-parametric

frontier analysis to an nty-four (74) insurance

efficiency studies over ies published in top tier
journals thus were revi of the identified studies
used DEA for its analy ntified to be commonly
used approach for mea across countries greatly

influenced the input ch

Recently, Kaffash et al e of DEA for efficiency

assessment and undert( of published insurance

efficiency studies that" 2 survey built upon the

comprehensive Wi ( , co -;ilpplication to its
methodologies. OFf the pplications studies sampled 429#Were Pl Iis;hed between 2010
and 2016, which ré(;orded tf’]y hrg%g!mtﬂ WM%E?nsu}ancelsector. The authors

focused on the analysis of the input/output variables used, their selection period, orientation, type

of insurer, geographical distribution and application of DEA models. The findings suggest that the
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impact of recent changes in insurance industries - InsurTechs, market transparency and micro-
insurance - on efficiency has not been explored. In addition, unlike other financial industries
whereby DEA with the presence of undesirable factors have been assessed, the findings point out
that no study has yet used DEA under such conditions. Further findings suggest that newly
developed DEA approaches like modified directional distance function, satisficing DEA and fuzzy

DEA recorded few applications in insurance efficiency.

Despite the extant literary on insurance efficiency in DEA, no study has yet assessed the variable-
specific efficiency analysis for the insurance market and no insurance study has assessed efficiency

with MEA in the presence of its undesirable factors. There is therefore the need for the assessment

of the variable-specifi e assessment of insurer

efficiency in the prese

The MEA approach de opekationa Boget aard (1999) and Asmild
et al. (2003) respective | ard (2004), Asmild and
Pastor (2010), Asmild 5), has been applied in
different contexts, such nd Kvist (2004), Asmild

and Matthews (2012) a y, it observed that when

undesirable outpt@o‘miue : come disto@auy, in view of

disaggregate ion of efﬂmmvres by_MEA sevetal;esear@ the novel MEA to assess
. NTEGR| PROCEDAMU “

firm-level variable-specific efficiency scmtes in thebankmg sector (Asmlld etal., 2016; Asmild &
Matthews, 2012; Tziogkidis et al., 2020), transportation sector (Bi, Wang, Yang, & Liang, 2014;

Holvad et al., 2004), agricultural sector (Asmild et al., 2016; Manevska-Tasevska, Hansson,

14
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Asmild, & Surry, 2018, 2021), and energy and environmental sectors (Wang et al., 2013; Wang,

Yu, Li, & Wei, 2015) in order to assess variable-specific efficiency scores of its inputs and/or

outputs, in addition with undesirable outputs.

Asmild et al. (2019) applied the novel MEA to measure the patterns and differences in inefficiency
scores between Islamic and non-Islamic banks focusing on the period that marked the impact of
global financial crisis in Bangladesh. The study sampled 30 private commercial banks (PCBs)
which comprised 1st, 2nd and 3rd generation conventional banks, as well as Islamic banks over
the period 2001-2015. Using labour costs and other costs as inputs and off-balance-sheet earnings

and balance-sheet earnings as outputs, the authors assumed a constant return to scale (CRS) under

the non-oriented MEA st, there is no observed

significant differences n-Islamic banks for the
period outside the dept , there was significantly
higher efficiencies of e window of the GFC

period for the Islamic

Asmild et al. (2016) re n family firms used the

novel MEA approach tc mation of input-specific
efficiencies, which pro iciency differences that

may exist between farn I difference between the

efficiency scores oer [ e farm Irop, livestock and
A : -
mixed farms, respective farms have the highest program efficiency, but the lowest
— | e mmme————— L o i —
managerial efficiency, and thaﬁhgﬁﬁeﬁ*fnﬂ%ﬁam%‘g%gfam efficiency.

A number of researchers have used MEA to investigate the variable-specific efficiency scores of

banks in the Chinese banking sector (Asmild et al., 2019; Asmild & Matthews, 2012; Tziogkidis
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et al., 2020). Zhu et al. 2020, a recent MEA application to the Chinese banking sector applies the

novel Malmquist productivity index (MPI) of MEA to investigate the overall total factor
productivity growth as well as the variable specific productivity growth of Chinese banks. The
study incorporates the MEA-based MPI into the meta-frontier framework considering the
heterogenous environment in the Chinese banking sector. 16 main Chinese banks over the period
2005 - 2015 are sample for the study - 176 observations. The banks are divided into two main
groups namely large state-owned commercial banks (LSCBBSs) and small-medium commercial
banks (SMCBs) and considered to have interest expenses and non-interest earnings as its inputs,
interest income and non-interest income as its desirable outputs and non-performing loans as its

undesirable outputs. Th entional DEA-MPI and

found a negative over non-performing loans

(NPL) and non-interes crowth in the country’s
banking sector. They f een LSCBs and SMCBs
to be narrowing and ic etween banks. Over, all

they assert that the con

In general, it is obser y that has assessed the

variable-specific efficie ssessment of firms and

industries is necessary t

=
2.3.3 Variable-specific emand Luldeswable output - E-“
—r EDAMUS

Over the years, various techniques have been cﬁ eloped-to-measure efﬁuency performance in the

5 in the industry or firm.

presence of undesirable outputs (Arabi et al., 2015; Chen et al., 2017; Dyckhoff & Allen, 2001,

Sueyoshi & Goto, 2010; Maghbouli et al., 2014) due to the inability of the traditional DEA to
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compute efficiency scores in the presence of undesirable variables (Fére & Grosskopf, 2004;
Seiford & Zhu, 2002). These models include DEA directional distance function (DDF) and slack
based DEA (Tone, 2001). However, due to the variable-specific nature of the novel MEA and the
freedom to use negative inputs and outputs (Bogetoft & Hougaard, 1999), much attention is being
given to the model for the assessment of variable-specific efficiencies in the presence of

undesirable outcomes (Asmild & Matthews, 2012, Zhu et al., 2019).

Asmild and Matthews (2012) is the first study that used MEA to assess the efficiency performance
of Chinese banks while capturing one of its output variables as an undesirable output, non-

performing loans. The study delved deeper into one of the popular findings of most Chinese

banking sector studies ‘ Wt SOE tech fficient than Joint Stock
Banks (JSBs) and the ‘ ‘ 0 the opening up of the
banking sector.” The pa ere assessed, sampling
14 banks from 1997 t cades ago in the China
Banking Regulatory o lis, Portela and Despic,
(2008), non-performing t in addition with three
other inputs namely lalb re further classified into
two groups; discretiona on-discretionary inputs
(fixed assets and depo arnings and non-interest
earnings. The findings of tF ingg,_hthe JSBs are more
efficient than the ] dy confirmed®ene of its hypo Idifferences in the
: -
efficiency patterns in-the t oullﬂ)fsgﬁﬁ(sﬁ HEE}AHUE__ :

Zhu et al. (2019) uses an improved MEA approach to evaluate the energy efficiency while

considering the slack problem of production. The study focuses on 30 Chinese provinces and three
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major economic regions as it assesses the energy variable-specific efficiency in addition with the
carbon emissions variable specific efficiencies. Both the improvement paths and improvement
potential for energy efficiency of these provinces were assessed in the study and in line with
Asmild and Matthews (2012), Zhu et al. (2019) used the SBM model aggregation idea of Tone
(2001) but develops a more comprehensive MEA overall efficiency model which captures all the
variables in the study. The findings reveal that the country’s provincial energy is olived-shaped
with significant spatial imbalance. In addition, it reveals a large potential value for CO2 emission
in the Central region with a relatively large energy saving potential for the two other regions,

Western and Eastern.

Wang et al. (2015) atte ‘ cy differences in China

using the novel MEA ncy of industrial sectors
in major Chinese citie apital cities of China’s
provinces were sample undesirable outputs for
in the study. The findi to different industrial
pollutants in the vario d the beginning of the

alleviation of the inequ: a’s cities.

In another study, Bi et the regional energy and

environmental efficiency ors adopted the modified

MEA model to inve evel y e Istudies on China’s
A : -
transportation sector, C02 Pﬂ was chosen as an undesirabjﬂ“ﬂ in the study. Thirty (30)
. N A e AN e
provinces in mainland for the pﬁlggﬁEﬁE(mg&t{gn%w and capital were nonenergy

inputs; volume of energy consumed in the transportation sector represented energy input and

value-added amount and volume of CO emissions denoted outputs. The overall comprehensive
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MEA efficiency for each region, the variable-specific efficiencies for energy and CO2 emission as
well the reduction potential for energy and CO emission are all assessed. The results showed that
not many regions were efficient during the study period. Greater chances of reducing CO2 emission

and energy consumption were also identified.

In short, the above discussion gives credence to the wide acceptance of the novel MEA approach
in modelling efficiency differences instead of the traditional DEA approach. Specifically, the
available empirical evidence demonstrates that additional insights can be gained with the novel
MEA approach compared to traditional DEA (Asmild et al., 2016). Interestingly, as far as we have

reviewed, there is no variable specific study in the insurance industry. We fill this gap in the

literature and model th nsurers using claims as

an undesirable output i

2.3.4 Undesirable out‘
The production of und ] manufacturing sectors
have received much at Jez et al., 2002; Khan et
al., 2018; You & Yan effectively assess their
performance while co tputs (Bi et al., 2014,

Dyckhoff & Allen, 20013, 1 & Yan, 2011; Zhu et al.,

2019). Furthermo@eheny /e jave been de\f@ effectively assess

these firms (Khan et al., W‘ou &.Yan, 2011). Unlike m@tputs of the these sectors
- INTEGR| PROCEDAMU -

which affect the environment (Dyckhoff & Allen; 2001 You & Yan, 2011), those of financial
firms — claims and non-performing loans - adversely affect the firm. Studies have been carried out

in the banking sector which have considered non-performing loans as an undesirable output (Assaf
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et al., 2013; Bi et al., 2014). However, no much studies have considered claims as an undesirable
output in insurance efficiency assessment (Owusu-Ansah et al., 2010). Some studies who came
close to this captured claims as an input (Rai, 1996; Yuengert, 1993) following the efficiency basis;

minimize inputs and maximise outputs (Charnes et al., 1978).

Yang (2006) introduced a new two-stage DEA model which assessed systematic efficiency for the
Canadian Life and Health (L & H) insurance industry. The model incorporated the production and
investment performances of insurers. To assess production efficiency, labour expenses, general
operating expenses, capital equity and claims incurred were chosen as inputs. For this study, the

production approach considered insurers to be providers of products and services while

undertaking its sole re e results of the study

demonstrated that the C during the period under

study,1998. The scale efficienéy for'this instrance‘industry Was also ified.

Wu et al. (2007) is ana 1surance industry. They

developed a problem-o ly assess the production
and investment perfor nsurance industry while
considering the interact terizing the two aspects
of performance; produt e inputs chosen for the

assessment of productic leral operating expenses,

capital equity anl , erves, @t expenses, total
A : -

investments, and total segr, funds were considered as inputsforthe investment performance

assessment. Again foilowing %ngéﬁaﬁoﬂiﬂm%ﬂhjl?put in the production approach

because it is appropriate for assessing insurers’ ability to satisfy the claims of its insureds. The

results of the study confirmed Yang (2006) findings, the Canadian life and health insurers operated
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efficiently during the three-year period under study; 1996 — 1998. However, Wu et al., (2007)

identified no scale efficiency in the industry.

In an insurance efficiency study that investigated whether capital market considers efficiency of
insurers, 399 listed insurance firms from 52 countries were sampled for the period 2002 through
to 2008 (Gaganis et al., 2013). The study used stochastic frontier analysis to assess the profit
efficiency and controlled for country-specific characteristics. Claims was used as an input variable
following Rai (1996) - claims form an integral and importance part of the annual expenses of
insurer thus must be captured as an input - and the purpose of the study, stockholders like their

firms to minimize expenses while maximizing their returns. The efficiency scores were regressed

with the stock returns,

the current and past pra

The improper definiti . variabé as esults to distorted and

inappropriate conclusi study to properly define

its variables, making r : 1es as th annot be omitted from

the provision of its se

Appendix A presents a

2.4 Conceptual £ ,_‘e

Figure 2.1 presents the co ! | framework that explains the,
. | ‘ i - - L‘_.__i__L_ [_a-l-—L 0

the empirical and theoretical gvre%ﬁﬂ‘pﬁmmﬁ’mgb

insurance services and the relationship between the input and (desired and undesirable) output

ic oriallﬂy. It follows from

outpht in the provision of

variables.
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Inputs Outputs

. ) Desirable outputs
*Physical capital > _
«Labour Insurance *Net premiums

) . g service *Investment income
*Equity capital production

Undesirable output

" *Claims

Source: Author’s own construct, 2021

Figure 2.1 Conceptual framework of the relationship between first stage variables.

2.5 Frontier effici

The modern efficienc its (DMUs) began with
the collective works of S ebreu (1951), Koopm i and Seiford and Thrall
(1990). In the produc parison of the observed
output with the maxi he observed input with
the minimum potential the two (Farrell, 1957;
Fried et al., 2008; Love 2ncy which can be input
reduction (input-conserva
(Fried et al., 2008

the initial |dent|f| _Q_IOI‘I of
can be undertaken using parametrlc (econometﬂe—approa'cm or non- parametrlc (mathematical
programming approach) models (Coelli et al., 2005; Daraio et al., 2020; Fried et al., 2008; Lampe

& Hilgers, 2015).
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DEA is a non-parametric linear programming frontier optimization method of assessing the
relative efficiency of homogenous decision making units (DMUSs) that consume multiple distinct
inputs to produce multiple outputs (Banker et al., 1984; Charnes et al., 1978; Farrell, 1957; Cooper
et al., 2004) (i.e. CCR and BCC). The method involves the construction of a production or cost or
profit frontier from the observed data points using the best-practice organisational entities and
measuring the (in) efficiency of a DMU by projecting the observation via the distance in relation
to the frontier constructed by the dominating units (Cook & Zhu, 2005; Cooper et al., 2011;
Emrouznejad & Yang, 2018; Fried et al., 2008; Lozano & Soltani, 2020). Under this non-
parametric efficiency assessment technique, DMUs on the frontier are identified as efficient

whereas DMUSs outside entis & De Witte, 2015;

Golany & Yaakov, 19 tely disaggregated (in)

efficiency that capture outputs, DEA uses the
radial input decreases and BCC aggregated
efficiency scores (Asmi entis & De Witte, 2015;

Tziogkidis et al., 2020)

Multi-directional effici h separates the issue of

benchmark selection f oft & Hougaard, 1999;
Kapelko & Lansink, 2C stulated by Bogetoft and
Hougaard (1999) who prov ports the implicit benchmark

I
selection over the al. (2003) further

operationalised the poten Ilﬂﬁﬁﬂﬁlt pﬁ@ﬁ@ﬂiﬁﬂﬂﬁ I'proposed the name, multi-
directional efficiency analysis (MEA). The model consists of two stages; ideal reference point
identification, which is the first stage and improvement potential point selection for each

input/output variable which is the second stage (Asmild et al., 2003; Asmild & Matthews, 2012).
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Unlike DEA, the selection of input reduction and output expansion benchmarks for MEA are based
on the specified improvement potential related to each input and output separately (Asmild et al.,
2003; Asmild, Balezentis, Hougaard, 2016). In an MEA input-oriented analysis, the largest
reduction potentials for each input are identified and combined with the minimum possible input
usage in each dimension to identify the ideal reference point (Asmild et al., 2003; Asmild & Pastor,
2010). The difference between the unit under analysis and the ideal reference point is used to find
the directional vector of each unit (Asmild & Pastor, 2010). Bogetoft and Hougaard (1999) and
Asmild et al. (2003) have discussed some desirable properties of the MEA model over the
traditional DEA. First, unlike DEA which selects both weakly and strongly efficient benchmarks,

MEA selects only stro on-radial improvement

approach, MEA expl een input and output

dimensions. Third, M nput orientation, output
orientation and non-ori imultaneously). Fourth,
MEA can be extended ariables simultaneously.
Finally, MEA can be r )le return to scale (VRS)

technology, it is invaria ay.

2.6 Overview of the

The commencem@_e Ghana “to 1924, a J 'F‘l era, where the

Ghanaian insurance indus populated W|th oversea msuﬂﬁmich had their head offices
~ M ng, il

situated in the United Kingdom-an Fise\ﬁtﬂﬁs a result they appointed foreign trading

companies to act as chief agents in other countries including the then Gold Coast. However, the

policies these insurers designed were limited to only the British nationals residing in the countries
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with the chief agents. Royal Exchange Assurance Corporation was the first of such insurance
companies to operate in the Gold Coast and was represented by Barclays Bank, its chief agent, in
1924. Other foreign companies followed suit after Royal Exchange Assurance Corporation which

is now Enterprise Insurance Company and opened offices in the Gold Coast.

In 1955, the first local insurance company, Gold Coast Insurance Company, was established in the
Gold Coast. It provided life assurance policies to its citizens and other Africans that were residing
in the country since the foreign insurers were only insuring the Europeans. After the attainment of
the country’s independence in 1957, its name was changed to Ghana Insurance Company. In 1958,

another local insurance company was established to mainly underwrite fire and motor insurance

businesses in the coun ears after its operation,

it was merged with tw rance company and the
Co-operative Insuranc ration (SIC). SIC was
incorporated by an Exe fter its formation which
made it monopolistic 0 ms of monies were paid
to foreign reinsurers fo 2d in 1972 one of which
was used to establish G orward, other insurance
legislations were passe aw out of the Ghanaian

insurance market.

The NIC is the ed supe , Sura
4 .

Insurance Act 2006, IC is mandated to ensure eff

regulation and control over tﬁe msﬁrﬁﬂbﬁumﬁﬂﬁahé“n@@ 2019).llt is responsible for

the approval of both premium and commission rates, provision of bureau for complaints resolution,

-.IAccording to the

mmlstrgtion, supervision,

enforcement of compliance as well as public education of the Ghanaian citizens. The sector is
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governed by the Insurance Act 2006, ACT 724 which complies with the International Association

of Insurance Supervisors (IAIS) core principles.

Before Insurance Act 2006 was enacted, NIC was operating under the Insurance Act 1989, (PNDC
Law 227). Insurance companies were operating as composite insurers until a new law demanded
that general insurance businesses be separated from life insurance businesses. The present
Insurance Act requires that insurers operate life businesses and non-life businesses separately.
Thus, currently, the sector comprises 20 life insurers, 29 non-life insurers, 3 reinsurers, 93 broking

companies and one reinsurance contact office (NIC, 2019).

2.7 Industry chall

The Ghanaian insuran over the years since its

inception however, the i jes which are inhibiting

the increase of its pene worn in on 18M August,
2017 started operation ensivelyraddres C mpeding the industry’s
dustry include low trust
from the insuring publ oliferation of fraudulent

motor insurance stickers

managed micro fir@gitution and banks /
Mr. Emmanuel Ray]_Ankr Board has ur-year strategic plan with
Ii N TEGHA PROCEDAMIS ory

the sole aim of the industry excelling its mandate as stated in the Insurance Act, 2006 (Act 724).

vestments held by poorly

=,

. The Chair he existing Board,

The strategic plans seek to address the industry’s supply and demand constraints, which consists

of construction and implementation of an Electronic Motor Insurance Database (MID), passage of
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a new Insurance Bill, insurance cover for projects funded by Donors and Development partners,
compulsory fire insurance for public places, revamp of agricultural and marine insurance, effective
consumer education, development of annuities market, improvement of claims management and

many others.

In 2019, the existing NIC board constructed and implemented an Electronic MID to be used to
store information on all motor insurance policies, making an interface available to Driver and
Vehicle Licensing Authority (DVLA) (NIC, 2018). This initiative is to help reduce the
proliferation of fake motor insurance stickers while reducing the number of uninsured motor

vehicles on the roads. The implementation and construction of an Electronic MID is one of the key

initiatives of the curren ges facing the industry

(NIC, 2018).

Passage of a new Insur by the Board to address

the sector’s challenges. Bill into an Act will
consequently improve agricultural insurance,
compulsory group |life its policyholders and
stakeholders. He expla country and agriculture
being the country’s big : gontributc Is for the revamp of the

insurance terms on good

Furthermore, the ard passed a , outlir@egic objective of

improving the 1ndustry S W& tegtlveness (N.I.C,:.ZOEL ded in this main strategic
PROCEDAMU “

objective were the review of the M|n|mum Capn:al Reqwrements for insurers to ensure the

existence and operation of adequately capitalized insurers, the design and implementation of a

Market Conduct Supervisory framework to ensure fair and transparency of policyholders,
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development of a Risk Based Supervisory framework which will issue Supervisory Risk Ratings
to each insurer and the implementation of Risk Based Capital framework which links the risks and
nature of business with the player’s capital requirement. The board suggests that the
implementation of all these reforms coupled with the cooperation of the stakeholders in the

insurance industry will improve the industry’s growth, profitability and efficiency.

2.8 Chapter summary
This chapter reviewed related theories that supports the study. First, the multi-criteria production

theory supports the use o ance industry. Second, the

decision theory suppor ariable icie 2lysisio 2rS.

Empirical studies on i alysis with and without

undesirable outputs a ere all reviewed in this

chapter.

INTEGRI PROGEDAMUS |
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CHAPTER THREE

METHODOLOGY

3.1 Introduction

This chapter discusses the concept of efficiency and explains the methods employed in the study.
The novel non-parametric efficiency measure, MEA, postulated by Bogetoft and Hougaard (1999)
and subsequently operationalised by Asmild et al. (2003), is used to assess the variable-specific

efficiency scores of Ghanaian insurers from 2008 to 2019. Robust econometric regression

techniques such as the two-step systems Generalised Method of Moment (GMM) are used to

examine the impact of , profitability, leverage

and type of insurer — is used to generate the

descriptive statistics, compute the regression

results for the second s

3.2 Research desig

Research design is a vi n the research questions

and the research proces selection process of the

research approach, researc

of the rigour used i@tjcal anaysrs,

design is not appré)pri_gte fj tWrmt&dF('et-al “"'I' i rms the assertion by Miles

eswell, 2018). Irrespective
n—

ess if the research

and Huberman (1994); the choice of a research design ‘constrains and supports the ultimate
conclusions of a study. Among the three well-known research approaches; quantitative, qualitative
and mixed method (Creswell & Creswell, 2018), the quantitative approach is used because it
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allows researchers to objectively examine the relationship between input and output variables of

insurers and to assess their contribution to the insurer’s efficiency.

Paradigms are broadly seen as worldviews. Guba (1990) posits that “worldviews are a basic set of
beliefs that guides action” (p.17), that is, a researcher’s belief greatly influences the action(s)
employed in research. However, Morgan (2007), suggests that paradigms are not only limited to
the things people think about and believe but extend to the thoughts people have about the nature
of research; what worldviews consist of. Among the existing research paradigms, the positivist
worldview is employed. This paradigm believes in the existence of reality, such that this reality is

driven by immutable laws of nature and mechanisms (Guba, 1990). The positivist worldview is

adopted because the res the development of

numeric measures for i ubjective views.

3.3 Data, sampling

Ghana’s insurance sec 2 insurers (NIC, 2019).

Following the separati e groups in December,
2006, the study samp group and individual
comprehensive and var ‘and 17 non-life insurers

that had been in operati -

from the statemen@n_cial position 8 ‘ ens
of the sampled insurers. These, ref e-collected f National Insurance Commission
" ng&ﬁ?FﬁDﬂEﬁﬂm_;‘

(NIC). NIC is the regulatory body whose tesponsibility is to “ensure effective administration,

he study data was retrieved

==

ve income of t ted annual reports

supervision, regulation and control the business of insurance in Ghana” (NIC, 2019). It is
mandatory for all life and non-life insurers operating in Ghana to present their audited annual
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financial report to the NIC. This makes the NIC the most reliable source of data for this study.
Despite the law guiding the submission of audited annual reports, the audited annual reports for
some insurers were not obtained from the NIC nor were information on their financials found in
the NIC annual reports. Following Cummins and Xie (2013) and Eling and Schaper (2017), figures
that were not found were mathematically generated (linearly interpolation) in R, hence a balanced
data panel is used for this study. NIC has been the data source for several Ghanaian insurance
efficiency studies including Owusu-Ansah et al. (2010), Alhassan et al. (2015), Ohene-Asare et al.
(2019), Alhassan and Biekpe (2016) and Danquah et al. (2018). The study period for these studies

varies from three years to ten years, however, this study considers a twelve-year study period.

3.4 Formulating t

The study considers a X to produce vectors of

output Y (desirable) an‘ ndesirat he prod N tect ) defined as:
L= {(XY,C)produ " F . (3.1)

The production technc roducts since they are

produced with desirabl ). Three assumptions of
joint production techno n equation (3.1) for the

etal., 2005; Reyna

i.  Strong or free disposabifity.6 (ﬁ}aﬁ'ﬂ,%gDAWE

If (X,Y,C) e LandY* <Y, then (X,Y*,C) € T. This assumption is the same traditional

assumption handling the disposability of desirable outputs. The axiom states that any
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output vector with a smaller desirable output is feasible if the observed desirable and
undesirable outputs vectors are possible (feasible). This assumption guides the free
disposability of desirable outputs without any cost (Fare et al., 2005; Fare & Grosskopf,

2004).

ii.  Weak disposability of undesirable outputs (Shephard, 1970) :
If{(X,Y,C) e Land 0 < 6 < 1,then (X, 0Y,6C) € T}. Weak disposability means that the
proportional contraction of desirable and undesirable outputs is possible, hence for any
given input, bad outputs can be reduced if and only if good inputs are also reduced in

proportion. Thi be freely disposed off,

hence the sole to their costly disposal

which affects skopf, 2004; Reyna &

Fuentes, 2018).

iii.  Desirable and ald & Fare, 1944):

If{(X,Y,C) € that undesirable outputs
are by-products rable outputs cannot be
separated from the assumption to the

insurance environn e occurrence of a covered

=%

loss which@_demands cla ; esirrablre ou being produced,

undesirablépgputmggﬁidﬁlﬁnﬁémﬁjéo

From axiom (a) and (b), strong disposability of desirable output vector implies weak disposability

; Reyna & Fuentes, 2018).

of both desirable and undesirable outputs. With the imposition of these assumptions, production

technology L is an insurance production technology. A set of insurance firms (j = 1, ...,n) are
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considered to produce s, desirable outputs (r = 1,...,s;) and s, undesirable outputs
(k = 1,...,s,) with m inputs (i = 1,...,m). Consistent with Bi et al. (2014), the insurance

production technology L is modelled for a DEA framework as:

n n
L= (X,Y,C):Z}\]'Xi]'SXi]-, i=1,2,...,m,z7\jyr]-Syr]-,r=1,2,...,sl
=1 =1

(3.2)

n
Z}\] Ck]' = ij, k= 1,2, ey Sq
j=1

A; in equations (3.2) represents the weights of the variables (¥7-; 4; = 1, 4; = 0). The strong or

free disposability of th undesirable outputs are

imposable as a result of ts and desirable outputs

respectively. A Multi- d following Asmild and
Matthews (2012) and Z duction plan for DM U,.
For each input, desirab “ riable, an ideal reference point is

obtained by solving the

mind;,

~
-
1l S
o=y

<>

=

-

NGk
>

~
Il
[y

subject to < (3.3)

INgE
o

1,...,8
= R — | |
— 1..__’_ ¥ W =, — ] y T L —_
INTEGRI PROCEDAMUS
leck] = Cko» k= 1, ey Sy
j=1
LA] 2 0!_] = 1; :n
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max &g

( n

Z Aiyrj 2 8ro,
=1

n

ley—rj 2V ypo, T = 1,

and

subject to:

4

r=1Lr+1,..,s

(3.4)

(3.5)

denotes the quantity

of output produced by DM U] m, syand-s,

o 3o - —
Mbsmﬂésirable output observations

and undesirable output observations respectively. d; and ¢, , represent the inputs and undesirable

outputs to be minimised whereas &, represents the desirable outputs to be maximized. The ideal
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reference point (d;y, Y7o, Cxo) for each unit (x;o, ¥ro, Cro) iS Obtained by solving the linear

programming problems above.

The MEA efficiency of each variable for the production unit (x;o, Yo, Cko) IS derived as:

max(Bio + Bro + Bro)

r n
Z/ljxij < Xjo — Bio(xio — djp), i =1,...,m
1

subject to { 2/113’1”] 2Yro — .Br0(610 Yro) T =1,.

(3.6)

n
Z iCkj = Cko — Pro(Cko — Pin) k =1,...,5;
/1

|V
\.

Bro» Bro» Bio Measures are added while the

undesirable outputs an t al., 2014; Bogetoft &

Hougaard, 1999; Kape , Brjand By always falls
within the interval, [0, tier of the best practice
fims if g;; = B, = the frontier of the best

practice firms (Asmilc aard, 1999; Kapelko &

Lansink, 2017). Using ion (3.6), the benchmark

is determined as

For each input variable x;, the MEA efficiency value is given as:

9’: — xio_ﬁzo(xio_dzo) (37)
Xio
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For each desirable output y,, the MEA efficiency value is given as:

Yro
— 3.8
T Yro+Bro(850—Yro) (3.8)

Finally, for each undesirable output c;, the MEA efficiency value is given as:

0, = Cko—Bio(Cko=Pko) (3.9)

Cko

From the variable-specific MEA efficiency values above, the vector of relative variable-specific

MEA efficiency for the production unit is given as:

ko — Bro(Cko — Pro)

(xio — Bio (xi0 — dio) (3.10)

Xio

Using the variable-spec 3.7) — (3.9) and based on

the slack-based measu a comprehensive MEA
efficiency is establishec d undesirable) variables.
From Zhu et al. (2019) IS given as:

6, = (3.11)

1

1+Sl+52

bl

3.5 Nonparam

Unlike other efficiency stud ‘ smild et al., 2016; Barros et, ; Lozano & Soltani, 2020)
~—I1 INTEGBI PR WE e
that assumed the return to scale (R 5&%@%@ nology of a study, this study tests to

identify the appropriate return to scale of its technology following Ohene-Asare et al. (2017). The

choice of the specific return to scale of an underlying technology is of great importance as changes
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in the choice of return to scale result in different conclusions (Ohene-Asare et al., 2017; Leopold
Simar & Wilson, 2002). There exist various test approaches for testing the specific return to scale
of an underlying technology (Banker, 1996; Barros et al., 2010; Leopold Simar & Wilson, 2002;
Simar & Wilson, 2011). Fare and Grosskopf (1985) developed an approach for testing the local
return to scale in an estimated frontier. However, the approach does not provide a formal statistical
test of return to scale. Simar and Wilson (2002) further developed the global returns to scale of
the bootstrap methodology, designed by Simar and Wilson (1998) considering the deterministic
nature of non-parametric measures like DEA. This approach is used to test the return to scale of

the underlying technology in the study. The approach is based on the hypotheses that:

Hy: 1 is globally CRS (3.12)
Consistent with Simar the test statistic of the
mean of ratios ($;) an
(3.13)
(3.14)

2ncy scores assessed
= /" (x,y)then §; =
—

Jeveloped by

1
irm the test results of the

mean of ratios ($;) and ratio of means (S,).

SA3 =n j=1 m— 1] >0 (315)
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Since the distribution for S = (51,5,,S5) and H, are not known, bootstrapping method is used to

obtain the critical values and p-values of the tests (Ohene-Asare et al., 2017).

3.6 Second stage regression analysis

Over time the efficiency assessment of decision-making units (DMU) has become incomplete
without regressing environmental variables to the efficiencies, second-stage analysis. Daraio and
Simar (2007) explained that the non-parametric efficiency model, DEA, is sensitive to outliers and
sampling variations hence it is not appropriate to solely depend on its efficiency scores to make

statistical inferences. In a cannot be ignored due to

the direct impact these al., 2001). Hence, the

assessment of the robus e left unattended during
efficiency assessment. s consider the two-stage
approach; assess efficienc imated efficiencies on some

environmental variable

Different second-stage industries (Asmild &

Matthews, 2012; Hanif ) & Lin, 2018) including
insurance (Alhassan & ., 2010; Barros & Dieke,

2008; Kader et al., 2014 S: Tobit and ordinary least

square (OLS) hav@gongly criticiseo ailure to cog_s@u!presence of serial

correlation in no“&;pgramgrim%ﬂsicﬁrﬁ& eﬁlﬁieﬁﬂﬁtql absence of proper data

generating process (McDonald, 2009; Ramalho et al., 2010; Simar & Wilson, 2007). Simar and
Wilson’s truncated-bootstrapped regression model on the other hand is believed to have specified
a coherent data generating process and hence provides consistent and valid regression results.

38



University of Ghana http://ugspace.ug.edu.gh

Many insurance efficiency studies have adopted this regression model so as to obtain consistent
and unbiased second-stage estimates irrespective of the correlation between the first stage
efficiency estimates and the exogenous variables (Alhassan & Biekpe, 2015; Barros et al., 2010;
Barros & Wanke, 2014; Luhnen, 2009). However, this study uses the pooled OLS, fixed effect,
random effect, Beck and Katz (1995) for panel-corrected standard errors, Driscoll and Kraay
(1998) spatial correlation consistent (SCC) and the two-step system GMM regression to

crosscheck the robustness of the MEA efficiency scores.

First, the pooled OLS is a widely used regression estimation technique in panel data. It is simple

to perform as it does not require the use of any special technique. It is usually used as the baseline

model for most poolec all entities (insurers) to

operate in the same wa er, its demerit lies in its
inability to consider t time effects) (Stimson,
1985). Stimson (1985) h question, nonetheless

without using other reg Il its appropriateness.

Second, the fixed effec d the outcome variables

within an entity. It ass and predictors (Nickel,
1981). The model assu e-invarie ‘ e to the entity, and does
not expect any correlatic ith: " Yile | :

Jones, 2015). Xu ( Plumb ‘ 2005 eliev i Iogenous variables
to contain unit-specific du ariables which allow its intercepts! \%;nit. The model in
addition controls fo? all time-&%!%rfeﬂﬁﬁ%&?&%—mémt, br;iltted time-invariant

characteristics cannot cause its estimated coefficient to be bias. Unlike the pooled OLS estimation

dummy variables (Bell &

technique, the fixed effect estimator addresses the omitted variable bias by controlling for fixed
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effects, but has the tendency of compounding the problem of measurement error (Hauk &

Wacziarg, 2009).

Third, unlike the fixed effect model which assumes correlation for the predictor and outcome
variables, the random effect model assumes no correlation between unobserved entity-specific,
time-invariant and regressors (Torres-Reyna, 2007). That is, it assumes variation across entities to
be random, correlated with the predictor or independent variables in the model. Bhargava et al,
(2001) suggests that although entity-specific, time-invariant and explanatory variables are
uncorrelated, the impact of such unobserved variables must be specified in the regression model.

Random effect therefore, uses all available data, produces unbiased parameter estimate and smaller

standard error, howeve ariable produce omitted

variable bias. An adva esence of time invariant

variables. (Gunasekara

Fourth, the two-step syste 0d. It has been proven to

be more efficient than i tal., 2016). It is usually
used to estimate the d ciency (Bhattacharyya,
2012). The method us differenced regression
equation, and another § ‘ ‘ Tec on (Blundell and Bond,
1998). Unlike the di A N

contemporaneous tjhs enlarg ‘ e nelich is unbalanced
(Arellano & Bon%f, - system-GMM method subt 1S nyﬁ e;averages of the
observations availa?ﬂé from thggjﬁ'ﬁgdﬁﬂé&éw&%_ends up Fe.ducing the gaps in

the dataset. According to Arellano and Blover (1995) and Blundell and Bond (1998), the system-

observations from the

GMM method has an advantage of improving the difference-GMM by way of equation

supplementation in the first difference with the level equations.
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These econometric models are used in line with Wooldridge (2009), to deal with data and model

specifications such as multicollinearity, heteroskedasticity and serial correlation.

3.6.1 Econometric tests
Preceding the selection of the appropriate econometric regression model for the study, the

correlation matrix in addition to the variance inflation factors (VIFs) are used to test for
multicollinearity in the study data. The Chow test in addition to other econometric tests are

undertaken to ensure the selection of a robust model.

First, to test for poolability of the study’s panel data, the Chow test is conducted with the null

hypothesis,

H,: dataset is poolabl

The test statistic of the

(ESSR—ESSy)

Fi_way = (3.16)

where ESSy denotes t otes the residual sum of

squares of the H,. H, e < 0.05) and conclude

that no panel models ne

HQEEEEL;

Second, the pres&nce of elatlon/serlal correlatlon JS ‘ vith the Breusch-Godfrey

INTEGRI —r

(1981) and Wooldrldge (2002) since time deF eﬂ:gjf in panel datarbrlngs about serial correlation

tly homogenous (Brooks,

2008).

of the errors and substantial autocorrelation in the unobserved individual specific effects u; makes
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the heteroskedasticity-robust standard errors inconsistent. The test statistic of the Breusch-Godfrey

(1981) test is given as:

—m — NT? 292
Lé‘,ﬁ:o(p - 0) - (T—l)ﬁ X (1)

NT? é'é_,

LMfixed effects(p =0) = T-1) &8 ~X2(1) (3.17)

é =¥ — yB = residual of mean deviation regression

The Wooldridge (2002) test statistic which tests the null hypothesis, H,, that there exist no

unobserved effects in the residuals is given as:

n T—-1vT
i=1 Zt:l Zs=t+1

. (3.18)
(S, (T3l 2

where &, and &, are t

Third, to determine wh i I ( odel (RE) is appropriate

for this study, a Du , 1978; Wu, 1973) is

undertaken. The Haus

H= (BRE - BFE)’[V (3.19)

Its null hypothesis say is correlated with all the

exogenous variables, x;;, tha

< 0.05), H, Is rejected and the REzmed s sed if otherwise, the

INTEGRI PROCEDAMUS |

the test statistic isI5|

e
test statistic is insignificant.
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Next, the Breusch-Pagan (1979, 1980) Lagrange Multiplier (LM) test of independence and the

Pesaran (2006) Cross-sectional Dependence (CD) test are used to test for cross-sectional

dependence. The LM test statistic for T — oo is given by
LM = ¥} 7 i+1 TijPij» (3.20)

Where p;; is the simple estimate of the pairwise correlation of the residual. The statistic is

distributed as X2 with N(N — 1)/2 degrees of freedom. This test is not applicable when n — oo

hence a scaled version of the Pesaran (2006) CD test is used. Its test statistic is given as

CD =

(CF 2 iaa Tiibyy) (3.21)

n(n 1)

The null hypothesis of distributed suggests no

cross-sectional depend ciently large.

The Newey-West (19 ation consistent (HAC)

variance estimator is a strict the cross-sectional

and cross-serial correl and heteroskedasticity

present in the error ter and Kraay (1998) SCC

estimator is used to pra

Finally, the unconditioné

models, usually kr@iane

PCSE estimate |§ robust g unit_cross-correlation heteros s

N TE%EQ
correlation across the i groups E(eiv, €jt OE E!)%E‘?panel data.

ity and contemporaneous

-
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3.6.2 Panel data econometric models
The first stage MEA efficiency score is considered as the dependent variable explained by the

insurance specific factors, competition, leverage, size, solvency, profitability, line of business and
underwriting risk (Table 3.2). The insurance specific factors were employed for this study are
examined with an array of econometric techniques so as to establish the strength of the results. The

baseline panel model is formulated as:

Effl.,t = ﬁlcompl._t + B,lev, + B,size; + B,solv, + Bcroa; + B type, + B,Underisk;, +

SEff .1+ Xi500s Year, + 332 Insurer; + e, &~ N(0,0%) (3.22)

where; Ef f; . = MEA efficiency score of insurer i at time ¢.

Bi= parameters to be e tory variable influences

the dependent variable
comp; = competition i ‘ i rer i.
Eff; -1 = the previous
lev; . = leverage ratio
type; = dummy variab siness and 0 otherwise.
size; ¢ = size of insurer

solv; , = solvency

roa;; = profitabil!u of in

= e ——

Underisk;, = underwriting risk of insurer i at time ¢.
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Y20 dos Year, , X320 Insurer;, .30 Insurer; + ¢, = time dependent effect, unobserved
individual specific effect and the error term respectively. These are based on the assumption that
the residuals are normally distributed with a zero mean and a constant standard variation,
€.~ N(0,0%). The subscripts; i and ¢ denote the insurers being considered and the time period of

the study respectively.

The regressors/explanatory variables of the baseline regression model are further discussed in

Section 3.9.3 of this same chapter.
The baseline regression models are formulated to suit the various regression models as follows:

The Fixed effect model

Effl-,t = ﬁlcompl.’t + erisk;y + (SEffl.'t_1 +

22019

t=2008 Year: + &, (3.23)

The Random effect mo

Eff,, = aicomp, + e, + azUnderisk;, +

OEff,,_q + 232 Insu (3.24)

Two-step system gener

Effl.’t = ouEffl.'t_1 + @ 700, + Pgtype; +

@,Underisk;; + (3.25)

| | -
where i = 1,2,...,30;¢ = ZT["F‘EGHI PHDGEE"_”‘!':F_%;_ I

45



University of Ghana http://ugspace.ug.edu.gh
3.7 Data and variables selection
The output of insurers includes services (Cummins & Weiss, 1993). However, the actual products
produced by financial service providers received long-standing disagreements until Berger and
Humphrey (1992) proposed three methods for selecting the outputs and inputs of the services
provided by insurers. The proposed methods are the asset approach, user-cost approach and the

value-added approach.

First of all, the asset approach, also known as the intermediation approach, is an approach which
views financial firms as financial intermediaries between owners of liabilities and the fund

receivers of financial firms (Berger & Humphrey, 1992). Acting as financial intermediaries, they

borrow funds from lia ay interest for the value

of money lost (Cum the premiums received
awaiting the occurren ffer advice and replace
damaged insured prope e insurance sector since
property-liability insut n (Cummins & Weiss,

2013).

Second, the user-cost financial product’s net

contribution on reven It or output (Berger &
Humphrey, 1992; Hancoc Lhi g gas 1 Inancial return on an asset

Ins an (2013) postulated

that a financial product |sﬁered as an output if its financi t h on an asset exceeds the
opportunity cost of funds or if'the anc_naFc@sp;:éEhablllty is 1ess than the opportunity cost.
However, Berger and Humphrey (1992) identified some setbacks in the application of this

approach to the banking sector. They explain that the user-cost approach is sensitive to the turning
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of outputs into inputs and vice versa, in addition, the approach rides on the basis of excluded
operating cost. Cummins and Weiss (2013) also explained that the user-cost approach is
problematic for the insurance sector since insurance policies consist of a lot of services which are

not all priced explicitly.

The last approach for measuring output is the value-added approach. It is the best and most
appropriate approach for assessing insurance sectors (Chen et al., 2009; Cummins & Weiss, 2013).
Rather than distinguishing outputs from inputs in a mutually exclusive way like the user-cost
approach and the asset approach, the value-added approach considers all liability and asset
categories to possess some output characteristics (Berger & Humphrey, 1992). That is, assets and

liabilities that add sign lered as output whereas

those that do not add jer et al., 1997; Kasman

& Turgutlu, 2009). Thi )vided by insurers; risk-

pooling and risk-bearil elated to insured losses

(Chen et al., 2009; Eli ce efficiency literature

(Alhassan & Biekpe, 2 isas, 2006; Danquah et
al., 2018; Eling & Luh asure the outputs of this

study.

o

o . INT Ty |
imperative to find appropriateﬁ;rg%ﬁ!trﬂm@g%g%%mmins et al., 2010; Cummins

& Rubio-misas, 2006; Cummins & Weiss, 2000). This section discusses the three principal

3.7.1 Insurance p@ S - \_ﬁ]
In comparison with ot eﬁﬂial services, insurers prov_idj%i e outputs hence, it is

services insurers provide.
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3.8.1.1 Risk-pooling and risk-bearing

Insurers provide a system for consumers and businesses exposed to insurable risk as they reduce
their risk as insurers pool the risk (Cummins et al., 1999; Cummins & Weiss, 2000). They bear the
risk of individuals and organizations in exchange for premiums which are invested to pay claims
in the future. Some risks exposed to life insurers include the risk of death, risk of longevity and
risk of loss from accident or illness (Cummins et al., 1999) whereas those exposed to non-life
insurers include the risk of theft, liability risk and risk of motor accident. Cummins and Weiss
(2000) believe that actuarial, underwriting and related expenses in pooling risk are major

components of the val

3.8.1.2 Real financial

Both life and non-life licyholders. While life

insurers provide perso policies with annuities
(Cummins et al., 199 coverage programs and
make recommendations 2iss, 2000).
3.8.1.3 Financial inte
Insurers being aware of the ei : the accumulation of assets,

5u

z'advance to traded

securities and assl?'es-(Cu Wf‘EEiWﬁﬁEﬁEﬁi@@ﬁh interest they get from the

investment to pay off the losses suffered b)} their porlﬁyﬁoldérs or offer premium discounts to these

policyholders. That is to say, life insurers that sell asset accumulation products like annuities, make

direct credit to policyholders’ account to reflect investment income for the policyholders whereas
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property - liability insurers offer premium discounts to their policyholders (Cummins & Rubio-
misas, 2006; Cummins & Weiss, 2000; Kaffash et al., 2020). Under this type of service provided
by insurers, the net interest margin between the rate of return earned on the invested assets and the
rate credited to policyholders depicts the source of value-added (Cummins et al., 1999; Cummins

& Weiss, 2000) to the insurer.

3.8 Modelling inputs and outputs
For any efficiency analysis, the definition of inputs and outputs plays a crucial role as it determines
whether a particular efficiency analysis would be meaningless or useful (Cummins & Weiss,

2013). This study follo \ to define its inputs and

3.8.1 Outputs

According to Diacon o 0 customers to generate

revenue. Outputs chose oach since it reflects the

basic services offered b scussed below.

3.8.1.1 Investment inc
Consistent with the studie of Al- A | Biel e (201% this study refrains
c! Weiss (2013) are

]

from using invest? |
of the view that because méﬂfersEtﬂﬂ_i Emmﬂ ”L investment income must be
included and appropriately measured when measuring insurance output in insurance efficiency
assessment. Hence, investment income is used as an output variable to proxy for intermediation in

this study following Ohene-Asare et al. (2019), Berger et al. (1997 and Cummins and Weiss
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(2000). Resulting from the returns insurers receive from investment income, investment income is
used as a desirable output (good output) in this study; insurers desire to increase the amount of
investment income received (Cooper et al., 2004; Seiford & Zhu, 2002). The value for investment
income is obtained from the statement of comprehensive income of the annual report of the sample

insurers.

3.8.1.2 Net premium
While some researchers like Diacon et al. (2002) see net premium as one of the available best
proxies for the risk-pooling and risk-bearing function, others like Alhassan and Ohene-Asare

(2016), Cummins and , Yuengert (1993) have

strongly criticized the d risk-bearing function

of insurance. These cri nue, a product of price

and output, and not ju tput proxy for insurers.

|
|

Nevertheless, the net p e efficiency (Diacon et

al., 2002; Kaffash et a iency literature, Ansah-
Adu et al. (2012), Bik 02), Ohene-Asare et al.
(2019) and Rai (1996 e risk-pooling and risk-
bearing function of rom the statement of

comprehensive income of

insurers have the o@y to.receive p
usually before the qccurreﬁe‘ﬁ, ﬁ&ﬁﬂess
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3.8.1.3 Claims

The selection of claims as an input or output has been argued in different insurance efficiency
studies however, there is no obvious trend in literature specifying the ideal use of claims for
appropriate insurance efficiency assessment (Gaganis et al., 2013). Studies like Gaganis et al.
(2013), Rai (1996), Wu et al. (2007), Yang (2006), Yao et al. (2007) captured claims as an input,
with the analogy that, claims forms part of insurer’s expenses, hence must be minimized. But this
study follows the assertion of Diacon et al. (2002) and Reyna and Fuentes (2018);
management is not interested in increasing claims payment even though it qualifies to be an output
variable. As a result, claims are considered as an undesirable output (bad output) in this study.

Claims are proxied as ee the work of Gaganis

et al. (2013). The valu d from the statement of

comprehensive incom

3.8.2 Inputs
Inputs are used to prod capital are agreed to be
used as inputs and have ash et al., 2020). These

variables; labour and ec tion to fixed assets.

3.8.2.1 Fixed asset
In line with Ansa

fixed asset, usually-.captu Eﬁﬁ"ﬂtﬂfﬁﬂﬁﬁm‘h insurance inputs. Owusu-
Ansah et al. (2010) postuiate that fixed asset is in the form of physical assets; they include
furniture, fittings, office space, plant and equipment (Gardner & Grace, 1993). Because of the

constraints in data, fixed assets are measured by the expenses made on property, plant and
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equipment instead of the value fixed for capital assets. This value is obtained from the statement

of financial position of the sampled insurers.

3.8.2.2 Labour

Labour is divided into two main categories; home-office labour and agent labour (Lim et al., 2020;
Owusu-Ansah et al., 2010). The home-office labour represents the number of full-time office
employees while agent labour represents the number of agents (Wang et al. 2007). In line with the
studies of Barros et al. (2010), Biener et al. (2016), Cummins and Rubio-misas (2006), Danguah
et al. (2018) and Kao and Hwang (2008), labour is used as an input variable in this study. Due to

data unavailability, mc 2015; Lim et al., 2020;

Ohene-Asare et al., 20 our, hence this study use

this proxy for labour. ehensive income of the

sampled insurers.

3.8.2.3 Equity capita
Equity capital is used i 32 studies surveyed by

Kaffash et al. (2020), f insurers’ input. They

include Alhassan et al. al. (2010), Biener et al.

(2016), Danquah et al. (201 al. (2019). In accordance

p@ﬂﬁ?ﬁ su P%E&m f | the statement of financial

with these smdies,@éﬁ; uses equity ca

|
Details of the total-equity of the

position of their audited annual report.
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3.8.3 Second stage variables

Taking motivation from Alhassan and Biekpe (2016) and Ansah-Adu et al. (2012), this study uses
competition, profitability, leverage, firm size, competition, underwriting risk, solvency and type
of insurer as exogenous covariates to identify the determinants of the MEA insurance efficiency

of Ghanaian insurers.

3.8.3.1 Competition
The relationship between efficiency and competition has been studied by numerous researchers
over the years (Alhassan & Biekpe, 2016; Alhassan & Ohene-Asare, 2016; Barros et al., 2010; Ho

& Hsu, 2021; Huang e 0 measure competition;

the structural approach non-structural approach

or the new empirical i are et al., 2015; Huang
et al., 2018). The str uct-performance (SCP)
paradigm and uses rschman Index (HHI),
concentration ratios an ssan et al., 2015; Huang
et al., 2018). The no dels under equilibrium

conditions to measure ( , H-statistic and Boone.

| L, o -
4 INTEGRI PROCEDAMUS |
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Table 3.1. Description of first stage variables

Value-added approach

Variable
Inputs
Fixed Asset

Labour

Equity Capital

Description Empirical application

Property, plant and equipment ~ Ansah-Adu et al. (2012), Gardner &
Grace (1993), Owusu-Ansah et al.
(2010), Asmild and Matthew (2012),
Nourani et al. (2018)

Operating expenses Barros et al. (2010), Biener et al. (2016),
Cummins & Rubio-misas (2006),
Danquah et al. (2018), Kao and Hwang
(2008), Alhassan and Biekpe (2016)

Total equity Alhassan et al. (2015), Alhassan &

P— Biel (2016), Barros et al. (2010),
al. (2016), Danquah et al.
acon et al. (2002) and Ohene-
al. (2019), Cummins et al.

Outputs
Desired Output
Net premium

Investment income

ot al. (2015), Ansah-Adu et al.
ODhene-Asare et al. (2019)
al. (2002), Gaganis et al.

et al (2012), Bikker and van
ijn (2008), Diacon et al.
ene-Asare et al. (2019), Rai

Undesired Output

Reyna & Fuentes (2018)
= =]

Claims % Ne

|

" H“_ JL___i__L_[_a-l-—“—"H _H
Indicator (BI) (Boohe; 2 ;-IHrE Eﬁﬂ#wm@ﬁﬂﬂ@_ﬁoughfhe measures of the

structural approach are simple to compute, they are non-monotone with competition, hence this

study uses the Boone indicator, a non-structural approach, as a proxy measure for competition

(Boone, 2008; Cummins et al., 2017). The Boone indicator, as postulated by Boone (2001, 2008)
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is based on the efficient structure hypothesis of Demsetz (1973). It is an indirect competition
measure which examines competition with the idea that the competition rewards efficiency but
punishes inefficiency (Cummins et al., 2017; Schaeck & Cih, 2014; van Leuvensteijn et al., 2011).
Hence, in very competitive markets, firms with lower marginal cost (very efficient firms) get
higher market shares, that is, the relationship between efficiency differences and performance
differences is stronger in a competitive market (Bikker & van Leuvensteijn, 2008; Schaeck & Cih,
2014; van Leuvensteijn et al., 2011). Consistent with Alhassan and Ohene-Asare (2016)(van
Leuvensteijn et al., 2011) and Cummins et al. (2017) Boone indicator is estimated of competition
is given as:

In(my)) = a+ fin(m (3.25)

From equation (3.22), al assets; mc; measures

the marginal costs of a constant and ¢; is the
error term. Firms wit > 0 are collusive and
uncompetitive (Alhasse
In line with Alhassan 2 (2017), the profit of the
insurer is the difference evenue is the sum of net
premiums and invest g expenses and claims

incurred. Consistent and Weiss (1993), the

) INTEGR{ PROCEDAMUS
0.5a¢ (ln( )l t) + a5 (ln (Ws) In (:—2)’)” - ad‘l‘nyj,t)Tn(w )i (3.23) +
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ag(lnyl-‘t) In (%)t + ayptrend; + a110.5trendt2 + agtrendilny;, +
L

ag(lnyi,t) In (x—:)l t + ag(lnyj,t) In (VWV—:)l . +&+yet i (3.26)

where i and t are insurer and time respectively; tc is the total cost; y; , is the output produced by
insurer i at time t; w;, w,, w3 denote the input prices; trend, denotes the technological change;
&, ve and u; ¢ are firm specific effects, time specific effects and the unobserved error respectively.
In line with previous insurance efficiency studies (Asmild & Matthews, 2012; Danquah et al.,
2018; Ohene-Asare et al., 2017), this study assumes that inputs like fixed assets, labour and equity
capital are used to produce the outputs of insurers. w;, w,, ws are the input prices for physical

capital, labour and equi hysical capital expense

divided by total assets rating expenses divided
by total assets (Kader ‘ ital ‘ ts.

The translog cost funct ose linear homogeneity

|

conditions (Phan et al ive of the translog cost

function, with respect t ted to find the marginal
cost (Clark, Radi¢, & & Floros, 2018). The

marginal cost is given [

frendt (3.27)

3.8.3.2 Leverage
According to Alhassan et al. (2015), insurers obtain leverage from unearned premiums which

results from unexpired policies and outstanding claim amount. While Ansah-Adu et al. (2012)
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could not take a decision on the relationship between efficiency and leverage, Alhassan and Biekpe
(2015) deduced an effect of leverage on technical, scale and allocative efficiency. In addition,
Jensen (1986) identified a positive relationship between leverage and efficiency explaining the
importance with reducing managerial slack and the pressure mounted on management from the
binding role of leverage cause a positive effect of leverage on efficiency. In line with the studies
of Kumbhakar et al., (2012), Kasman and Turgutlu (2009). The study expects a positive effect of
leverage on efficiency and proxies leverage as a ratio of debt to total assets following Biener et al.

(2016).

3.8.3.3 Size

Most two-stage efficie variable (Diacon et al.,

2002) and observe a 4 y (Diacon et al., 2002;
Ohene-Asare et al., 20 iciency in the insurance

sector is inconsistent. |

yusu-Ansah et al. (2010)
identified a significan 010) found an inverse
relationship between s p for cost, revenue and
profit efficiency. This s urer size and efficiency.
Following Alhassan an ns et al. (2010), Diacon

et al. (2002), this study oxy for insurer size as the

correlation coeffic@we 0 SS roE}udies are usually

extremely high. 1 — ,
~—recmmoseoman | —

3.8.3.4 Solvency

Solvency is the amount of capital insurers need during extreme economic conditions to meet

financial obligations (Greene & Segal, 2004). The solvency of an insurer refers to the insurer’s
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liquidity; the insurers’ ability to quickly transform its assets into cash when the need arises.
Whereas Brockett et al. (2004) found little influence of solvency on efficiency, Cummins and
Rubio-Misas (2006) observed a significant relationship explaining that many small, inefficient and
financially low-level insurers who were insolvent have been eliminated from the industry. Huang
and Eling (2013) also observed that insurers with high safety on average receive greater efficiency
scores. The z-score is used as a proxy for solvency in this study.

The Zscore; is an accounting measure which shows the number of standard deviations a return

realization has to fall in order to deplete the firm’s equity (Cummins et al., 2017). In line with

Laeven and Levin (2009), Alhassan and Biekpe (2018), the Zscore; is used to measure solvency in
this study. Following jis given as:

(3.28)

From equation (3.25), for insurer i. (E/A); is

the ratio of equity to as ets for each insurer i for

the entire study perio of the z-score is used

following prior studies

3.8.3.5 Profitability
According to Alhassan et'é

' of both life and non-life
insurers. Greene a
insurers and profifabi]jty,
asset (ROA) is an indicator of an insurers’ proﬁtaFili:[y (Nlb, 2012). It is “the efficiency with

which management utilizes the assets of the company to generate returns for the various

stakeholders” (NIC, 2012, p56). ROA is used as a proxy for insurer profitability in line with
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previous studies (Alhassan et al., 2015; Alhassan & Ohene-Asare, 2016; Greene & Segal, 2004).

Based on Alhassan et al. (2015) and Alhassan and Ohene-Asare (2016) the return on assets of an

insurer is given as

ROA; = profit after tax; (329)

total assets;

where profit after tax; denotes the profit after tax for insurer i and the total assets; denotes the
total assets for insurer i. Details on profit after tax and total assets of the sampled life and non-life
insurers are retrieved from the statement of comprehensive income and financial position of their

annual reports respectively.

3.8.3.6 Type of insure

The relationship betw s, life or non-life, has

received little attention ted insurance efficiency
et al. (2018) found a pc cy and insurers’ line of
business whereas Ans lationship. Following
Ansah-Adu et al. (2012), Ohene-A: ’ ] ‘ 2018) dummy variables

are used to proxy the t ; on-lifesinst or life insurers.

Underwriting riskus‘ n & Biekpe, 2016).
It reflects the level of risk mW\EEﬁﬁJEmEé—k_wiﬁ_s et a1.'f25015; Asare et al.,
2017). Since high-risk policies demand hi(;]h clair;ls#playl-out*s (Alhassan et al., 2015), insurers who
underwrite risky policies usually suffer high underwriting losses, making them less efficient

(Alhassan & Biekpe, 2016). Nevertheless, risk could have a positive effect on efficiency when
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insurers sell less risky policies (Alhassan & Biekpe, 2016). Following the studies of Alhassan et
al. (2015), Alhassan and Biekpe (2016) and Asare et al. (2017) underwriting risk is proxied as the
ratio of incurred claims to net premiums. Details on incurred claims and net premiums are both
retrieved from the statement of comprehensive income of the audited annual reports of the sampled

insurers.

3.9 Instruments for data analysis

Data gathered for this study was analysed using basic descriptive measures and advanced statistical

measures like t-tests and correlation test in addition to a non-parametric efficiency measure, MEA.

R version 4.0.5 with th e descriptive measures,

t-test and correlation te ame version of R is also

used to obtain the effic

3.10 Chapter sum

In this chapter, much scientific processes and

assumptions adopted i ative research approach
were used to evaluate dy. The modified MEA
model of Asmild and Ma

assessment under@itec 0l

explained and jd_sfified Ieast five empirical_applicat 5

regression models and thelr varlables are aI5F§< |HE% in-this-chapter.

le non-oriented efficiency

study are clearly

'inally, ‘the second stage

-
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Table 3.2 Variable definition and expected signs

Variable Definition Empirical application Expected Sign
Competition | Boone Indicator | Alhassan and Ohene-Asare (2016), +
Bikker and van Leuvensteijn (2008),
Cummins etal. (2017), Schaeck and
Cih, 2014, van Leuvensteijn et al.
(2011)
Leverage Debt/ total assets | Kumbhakar et al. (2012), Kasman & +
Turgutlu (2009), Alhassan et al.
(2015), Biener et al. (2016) Ohene-
Asare et al. (2019)
Solvency Zscore; Laeven and Levin (2009), Alhassan +
and Biekpe (2018), Beck et al.
(2013), Clark et al. (2018),
Cummins et al. 2017
Size Ln (ta . +
Profitability +
Type of 0 +
insurer [
Underwriting +
risk

— A TEGRI PROCEDAMUS |
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CHAPTER FOUR

DATA ANALYSIS AND DISCUSSION OF FINDINGS

4.1 Introduction

This chapter presents the results of the data analyses of hypothetical data and the study data.
Discussions of the results are supported with previous empirical findings and theoretical
arguments with the view of drawing inferences from the results. The chapter consists of two
main sections - analysis of the hypothetical data and analysis of the study data. The section for
the analysis of the study has three sub-sections one of which provides the basic statistics of the

data; the descriptive statisti ampled and grouped (life

and non-life insurers) d: scores of the sampled

insurers in line with th ides the second-stage

regression results and t

4.2 Analysis of hyp

In order to illustrate a A approach with the

traditional DEA approa 2) to generate 1 output

othetical DMUEs.
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Table 4.1: Illustrative data for hypothetical insurers.

DMU X1 X2 Y
A 2 12 1
B 2 8 1
C 5 5 1
D 10 4 1
E 10 6 1
F 8 12 1
G 7 9 1
H 4 10 1

Figure 4.1 shows the DEA frontier defined by the linear combination of units A, B, C and D.

Using Figure 4.1, the CCR (1978) DEA technical efficiency of a unit is defined as

frontier

TE(x,y)

Using unit F as an exa

OL _ 4 _ . .
FT3= 0.50 implyin

Using a similar definitic r DMUs are computed

and presented in Table re efficient. However,

units E, F, G and H are ) hence, inefficient. To

identify the true bench awn from the origin to

meet the coordinates o en the radial line and

frontier shows the benchmark oenchmark for unit F is point

S inputs to 4 and 6
1

nit Fand point L signifies

L with coordinates (4:6): is, unit F becomes efficient th, i
] e —————
for X and X respectively. HMEM#WM@M;&

the DEA input excess for unit F.
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12

Source: Author’s own

Figure 4.1: Graphical

Table 4.2: Manual co res for all DMUs

DMUs ici Decision

A

(o8]

o O

A DMU is efficient when its efficiency score is 1, otherwise, it is inefficient (Banker et al.,

1984; Charnes et al., 1978).
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The input-oriented variable returns to scale linear programming envelopment model that was

formulated, using the information in Table 4.1, to assess the technical efficiency of unit F is

given by
Or = r/rll_lgne

J

24, + 24, + 515 + 101, + 1015 + 81, < 80
122, + 81, + 515 + 44, + 645 + 121, < 126
st M+ A+ A3+ + 5+ 4>1
M+ + A3+ A, + A5+ =1 (vrs)
Ay Ay A3, A4, As, A6 = 0

The linear programming above can be solved with R

#In R with Benchmarking, DEA efficiency score is derived by the command “e$eff”
after “e <- dea(x,y)”
e <- dea(x,y) #for ru
edeff

[1] 1.0000000 1.0000C
e$lamb da

L1 L2

[1,] O 1.0000000
[2,] 0 1.0000000
[3,] 0 0.0000000
[4,] 0 0.0000000
[5,] 0 0.0000000
[6,] 0 0.3333333
[7,] 0 0.2083333
[8,] 0 0.7142857

).6250000 0.7142857

In order to demonstrate t

points. |
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14

12

Source: Author’s own

Figure 4.2: Graphical Jata.

From Figure 4.2, unit efficiency and hence

demonstrate how to be raction of the input X
and Xz, MEA first of all t (or output) dimension
separately. In other wo tial of input X2) and a

horizontal line (signifyir 1 from the F coordinates

until they hit the %ﬁ/
potentials in all Qf the : , provlides a (typically

unobtainable) |deal pomt Z (the Iarg&ﬁ!&! ﬁﬂ%ﬁ%“%poﬁ&vhere the DEA radial

line intersects the frontier (point T) is the DEA benchmark in the direction of the origin. However,

he improvement

ons, as in this input-oriente

the point where the MEA non-radial line FZ intersects the frontier (expressed in K in Figure 4.2)

(point M (3.3,6.6)) is the MEA benchmark in the direction of the ideal point. It can therefore be
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observed that, unlike DEA, MEA considers the shape of the part of the frontier, a, that dominates
the point and selects a benchmark that is proportional to the improvement potentials. The MEA
benchmark therefore has some desirable properties espoused by Bogetoft and Hougaard (1999)
and Asmild et al. (2003) as explained earlier. For instance, whilst DEA selects weakly efficient

benchmarks (A or D), MEA selects strongly efficient benchmarks (B or C).

Given the MEA formulae in equations (3.3) — (3.9), the MEA input-specific efficiency scores
for unit F are computed using the linear programs below while assuming a variable returns to

scale technology.
Stage 1: Find the ideal reference point for production unit (8,12) of DMU F

min dq g

224 + 22, + 545
121, + 81, + 51
st L4+ A, +A4;+ 4
M+ + A5+ 1
Ay Ay, Ay Ay, A, A

min d,p

204 + 245 + 51,
121, + 82, + 51,
stiA+ A, +43+ A,
M+ + 2+
Ay Ay, Asy Ay, A, A

e ideal reference point

d1F=8 6_2

d,r* = (x, for F — x, excess for F)
dZF* = 12 -7 = 5
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The ideal reference point for DMU Fis (dy",dyr") = (2,5). The largest possible reductions

for input X1 and Xz are 2 units and 5 units respectively.

The weights of the peers for unit F are given as
Aa=Ag =21 =0, Ag = 0.5385, 1, = 0.4615
From the results above, the peers of inputs of unit F are units B and C. The associated weights

are the proportion to which its inputs can mimic.

The coordinates of the ideal reference point for unit F are given as (2,5) at point Z in Figure 4.2.
This coordinate is infeasible as they lie outside the efficiency frontier. A second linear program
is used to move the ideal reference point to the frontier to find the true benchmark (the potential

improvement point). Thi ifferent benchmark points

for each unit. The seco vy which the inputs are

contracted to make the
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The linear programming above can be solved with R as:

H##1ST STEP: Identify ideal reference point###
mea.lines(c(6,6),x,y, ORIENTATION = "in")
require(Benchmarking)

hdata <- read.delim('clipboard')

x <- cbind(hdatal5x1[1:8],hdata15x2[1:8])

y <- cbind(hdata1Sy[1:8])

me <- mea(x,y)

[1] 1.0000 0.0000 0.0000 1.0000 0.7273 0.7692 0.6667 0.6667

meSdirect

(1] [,2]
[1,] O 4
2] O 0
3,] O 0
4] 5 0
5] 8 3
[6,] 6 7
(7] 5 4
[8,] 2 4
meSlambda #the weight of
L1 L2

[1,] O 1.0000000
[2,] O 1.0000000
[3,] O 0.0000000
[4,] O 0.0000000
[5,] 0 0.2727273
[6,] O 0.5384615
[7,] 0 0.4444444
[8,] O 0.7777778

Stage 2: Finding the po
x;(DMUF) = 8 (2,4.4
max f3 |

22, + 25 + 524
12, + 82, -
M+ Ay + A
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The computation of the above LP was executed in R as:

meSeff #In R with Benchmarking, beta is derived by the command “meSeff” after “me <- mea(x,y)”
[1] 1.0000000 0.0000000 0.0000000 1.0000000 0.7272727 0.7692308 0.6666667 0.6666667

peers(me)#In R with Benchmarking, target firms are derived by the command “peers(me)” after “me <-
mea(x,y)”

peerl peer2
Ly 2 NA
2] 2 NA
(3,] 3 NA
41 3 NA
5] 2 3
6] 2 3
7,1 2 3
8] 2 3

From the R output, the F are to be contracted

to make the ideal reference

2N as:

x1=%; — B(x1-d1r)
x; =8—0.7692(8 — 2)
x; = 3.3848

al improvement points, S?’

INTEGRI PROCEDAMUS

Alternatively, usin_b Athenp

e ™

IS giverl| as:
i

—

Input x3

x1 =L, * x; ofpeerl of DMUF + L; * x; of peer2 of DMU F
x1 = 0.5384 % 2 + 0.4615 x5 = 3.843
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Input x5

x; =L, *x, ofpeerl of DMUF + L; * x, of peer2 of DMUF
0.5384 x8 + 0.4615 5 = 6.6147

(3.8,6.6) is the potential improvement point for unit F. The coordinates of the point are
interpretated as; unit F is efficient when it uses 3.8 units of input X1 and 6.6 units of input X; to

produce a unit of its output Y.

The relative input-specific (X1, X2) MEA efficiency scores for DMU F are computed as:

For input Xa: For input Xa:
0. — x1F—B1p(*1F—diF) .. = X2r—B3p(X2r—d3F)
1F — X1F 2F — X2F
_ 8-0.7692(8-2) _12-0.7692(12-5)
Or=—% — O =—7 —
0,r = 0.4231

The vector of MEA inp

(01 62r) = (0.4231,

The MEA input-specifi cy i 1and 55.13% for input
Xa. This means that gen input of X1 by 57.69%
(100% - 42.3%) and the ) without reducing the
current output level to ency reference sets (i.e

MEA benchmark).
The relative input-specific

For input Xa: i

0-1F=1_91F i,

INTEGR| PROCEDRIES

X2F—Bar(X2r—dyF)

X1F=Bir(X1r—diF)

op=1- - o =1— -

Oy p = 1— 8—0.7622(8—2) O = 1— 12—0.761922(12—5)
or =1—-04231 o,r = 1—0.5513

o1r = 0.5769 o,r = 0.4487
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The vector of MEA input-specific inefficiency score for unit F is (o5 05r) =

(0.5769,0.4487).

The MEA input-specific inefficiency score for unit F is 57.69% for input X1 and 44.87% for
input Xo. This means that, for unit F to be efficient and produce at the target, (3.36, 6.62), unit F
has to reduce the current quantity of input X1 by 57.69% and the current quantity of input Xz by

44.87%.

The overall MEA input-oriented efficiency score for unit F is given as

O =1 _—Z —1Bir (M)

XiF

0 =1— (ﬂlp(x1F dip) + Bzr(x2r—d3F)

X1F

—q1_1 (0.7692(8—2)
2 8

=1 —§ (0.5769 + 0.

=1 —% (1.0256)
=1-05128
0, = 0.4872

The overall MEA effici unit F is utilising only

48.72% of all its inputs original inputs by 52%

(100% - 48%).

After manually ¢ i aNc eal ce point, MEA

comprehensive eff!ciency,
e ™

put- specmc efficiency and.i ncy for unit F, R version

INTEG DAMLU
4.0.5 is used to compute these same va es%&%&ypotheﬂc&l‘ DMUs using the MEA and

—

DEA models. All these values are presented in Table 4.3.
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Table 4.3. MEA and DEA input-oriented efficiency scores of hypothetical insurers.

A B C D E F G H

X1 2 2 5 10 10 8 7 4

X2 12 8 5 5 8 12 9 10

y 1 1 1 1 1 1 1 1

X1 excess 0 0 0 5 8 6 5 2

X2 excess 4 0 0 0 3 7 4 4
B 1 0 0 1 0.72 0.77 0.67 0.67

Peer 1 B B C C C B C C

Peer 2 NA NA NA NA C C C C

AA 0 0 0 0 0 0 0 0
AB 1 1 0 0 0.27 0.54 0.44 0.78
Ac 0 0 1 1 0.73 0.46 0.56 0.22

AD 0 0 0 0 0 0 0 0

AE 0 0 0 0 0 0 0 0

AF 0 0 0 0 0 0 0 0

Ac 0 ne 0 0 0 0 0 0

AH ( 0 I'o ) 0 0

d, S 2 2 2

d,, 8 ‘ 5 6
x*1 WA 38 3.67 2.67
X*2 . 8 2 6.33 7.33
MEA _ineffxl 0 8 0.48 0.33
MEA _ineffx2 ' 0.30 0.27
MEA effx1 0.52 0.67
MEA eff2 0.70 0.733
Agg_MEA 0.61 0.70
DEA eff 0.64 0.70

A denotes the weight of t
the target firm of input
units of input Xz used,
input respectively, MEA
respectively, Agg_MEA de
aggregated input-ori

likewise peer2 denotes
X2 excess is the excess
iciency score for each
y scores for each input
ore, DEA_eff is the DEA

From Table 4.3, uni . d D are DEA™ully efficient

| AR |
weakly inefficient (contain né#rgmﬂﬂmwﬁm ‘B and C are MEA fully
efficient. Unit A is 83% MEA efficient with 33% MEA inefficiency in utilizing input X.. For
unit D, due to the input-specific inefficiencies of input X, its overall MEA efficiency score is

25% (1 — 0.75) less than its DEA efficiency. With the exception of units B and C, the MEA
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model identified non-radial slacks which could not be with the DEA model. MEA chooses better
benchmarks and identifies all possible slacks in its efficiency computation and benchmark

selection.

The inputs of units B and C are chosen as peers for the inefficient firms. For input X1 of units A
and F, unit B is chosen as a peer, whereas unit C is chosen as a peer for the same input of units
D, E, G and H. The MEA model chose unit C as the peer for input X> of units E, F, G and H.
The coordinates of the potential improvement points of the inefficient inputs are the appropriate

quantity of each input to be used by the inefficient units to be efficient.

8 hypothetical insurers are considered which uses 2 inputs (X1, X2) to generate 1 desirable output

(YY) and 1 undesirable output.C.. Table 4.4 contal ins.the.hy ypoth otical data, the MEA efficiency

scores and lambdas.

From Table 4.4, units A MEA variable-specific

inefficiency score for ly utilised inputs and
produced the maximum ount of its undesirable
output. The zero-beta sc ontraction (expansion)

in the inputs/undesirable

There are two inefficie MEA comprehensive

efficiency of 65%. The t X, (E=94% and F =

75%) than with X 7% and

X2 = 94%) than thh its d@_outputs (65%) unlt Fis _is morer

mJE
92%, C = 96%) than Wlth its mputs EFW

i I puts (X1 = 77%,

ICient Wlﬂl its outputs (Y =

75
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Table 4.4. MEA non-oriented efficiency scores of hypothetical firms with undesirable
output.

A B C D E F G H
X1 2 2 5 10 10 8 7 4
Hypothetical X2 12 8 5 5 8 12 9 10
data Y 10 8 9 20 4 10 6 9
C 7 9 7 10 6 7 5 6
B 0 0 0 0 0.5 0.49 0 0
Peerl A B C D C C G H
Peers Peer2 NA NA NA NA G D NA NA
Peer3 NA NA NA NA NA G NA NA
Peer4 NA NA NA NA NA H NA NA
0 0 0
0 0
0 0
Lambda 0 0
0 0
0 0
1 0
0 1
Ideal 7 4
reference 9 10
6 9
5 6
Potential 7 4
improvement 9 10
6 9
5 6
0 0
MEA 0 0
inefficiency 0 0
0 0
1 1
MEA 1 1
efficiency 1 1
1 1
Overall MEA 1 1

A denotes the weight of the peers, peerl denotes the target firm of input X1 likewise peer2 denotes
the target firm of input Xz, X1 excess is the excess units of input X1 used, X2 excess is the excess
units of input X> used, MEA _ineffx1 & MEA_ineffx2 are the MEA inefficiency score for each
input respectively, MEA_effxl & MEA_effx2 are the MEA efficiency scores for each input
respectively, Agg_ MEA denotes the aggregated MEA input efficiency score, DEA_eff is the DEA
aggregated input-oriented.

76



University of Ghana http://ugspace.ug.edu.gh

Further observation reveals that all the efficient units are peers for themselves whereas the
inefficient units have either 2 or 4 peers (units C, D, G and H). From Table 4.4, unit E will
operate efficiently when it uses 7.67 units of input X1 and 3.3 units of input X while producing
3.5 units of the desirable output and 3.7 units of the undesirable output. Unit F on the other hand,
needs to produce 10.31 units of the desirable output and 6.15 units of the undesirable output

using 5.08 units of input X1 and 9.05 units of inputs X.

4.3 Analysis of study data

4.3.1 Descriptive statistics of study data

As stated in the previous )m the annual financial

reports submitted to N nd seventeen non-life

insurers were used due t s and outputs variables
were dependent on the isting literature. Three
inputs were used namel considered its outputs
to be either desirable o premium, investment
income and one undes inimum and standard
deviation of the pooled ¢ easures in this section.
The descriptive statistics Table 4.5. In addition,
the test of the difference betw

period are also pres%@

This study used the maximum anogﬁmtﬁﬁﬁﬁ%lgescrm‘nve statlstlcs to derive the

range. The standard deviation on the other hand shows the spread of the data values for each
variable. The number of samples for each variable was added to the descriptive table to show the

total number of data points sampled for each variable within the study period as well as the
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Table 4.5: Descriptive statistics of input/output (pooled data and business type, 2008 - 2019)

All monetary values are in GHS

le_ed Labour Equ_lty Ne_t Inyestment Claims
capital capital premium income
X1 X2 X3 Y1 Y2 C1
Count 360 360 360 360 360 360
Mean 4920182 14340536 28640604 31835053 9223024 13885505
Pooled Std Dev 8443171 47262441 44835844 53498534 19289031 25518283
Min 12664 6425 16874 361428 17285 36212
Max 97518606 873230010 397215400 416881000 132015000 211855714
. Time F i 45*x** 2.225 33.75*** 57.7%** 5.326* 9.745**
difference statistics
Business type groupings
Count 156 156 156 156 156 156
Mean 41372 - : 19223024 20336154
Life SD ( ‘ ; 19813382 35465612
Max ] 58 94960139 211855714
Min 37387 42728
Count 204 204
Mean 7008989 8952656
Non-life SD 2 3078 18624616 11609174
Max 132015000 60889727
Min 17285 36212
Group T-
means statistic 2.5087** 3.8542***

ically significant; Min,

*p-value < 0.05; **p-va
ely.

Max and SD mean mini
number of sample data poli 7 ' 2 groups- life and non-life.

The equality in the
for this study- balanced dat pﬂHJEGFI] P FI[:!GEDJ“'-HUE‘

In Table 4.5, the standard deviation exceeds the mean values of all the inputs and outputs, which
signifies the varying size of insurers operating in Ghana. This is to say, insurers operating in

Ghana vary in the size of inputs and outputs used and produced respectively. The extent of
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deviations from the mean confirms the distinguishing sizes of insurers operating in Ghana. On
average, the sampled insurers received GHS28,640,604 from investors as equity capital, invested
GHS4,920,182 and GHS14,340,536 into their fixed assets and labour cost respectively. On
average, insurers incur a lot on labour related expenses than on acquiring its fixed assets hence,
huge differences exist between the average labour cost (M = GHS14,340,536, SD =
GHS47,262,441) and the average fixed asset cost (M = GHS4,920,182, SD = GHS8,443,171).
In terms of outputs, more was generated from net premiums (GHS31,835,053) compared to
investment income (GHS9,223,024) however, the sampled insurers vary on the level of net
premiums generated (M = GHS31,835,053, SD = GHS53,498,534). The results of the one-way

Anova test of difference in each input and output variable across the entire 12-year study period

were significant for all at is to say, there was

0.01%, 1% and 5% sign t premium, claims and
investment income re here was also 0.01%
significant difference in apital across the entire

12-year period.

The sampled non-life in levels of inputs; labour

cost (M = GHS16,457, GHS5,518,894; SD =
GHS9,603,867) and eq 548,078,595) than the

sampled life insurers ( | = GHS4,137,251; SD =

GHS6,574,524 and@fHSZ 535 resp /e y). However, the

sampled life insurers generﬁeﬁ%mflcantly Iarger levels of deaﬂi undesjrable outputs; net
e IN DAHUE _.
premium (M = GHS43,804,573; SD = GE% 75,200,414), investment income (M

GHS9,223,024; SD = GHS19,813,382) and claims (M = GHS20,336,154; SD

GHS35,465,612) than non-life insurers (M = GHS 22,681,891; SD = GHS 23,437,303, M

GHS7,008,989; SD = GHS18,624,616 and M = GHS8,952,656; SD = GHS11,609,174

79



University of Ghana http://ugspace.ug.edu.gh

respectively). In line with Ohene-Asare et al. (2019), non-life insurers were shown to have higher
levels of operating expenses and equity capital than life insurers. However, these findings were
not consistent with the phenomenal growth observed in life businesses than in non-life businesses

(Alhassan et al., 2015).

Unlike previous efficiency and dynamic productivity studies that failed to statistically test the
nature of returns to scale (Alhassan & Ohene-Asare, 2016; Asmild et al., 2016; Lozano &
Soltani, 2020; Ohene-Asare et al., 2019), the RTS technology of the Ghanaian insurance industry
is tested following Mahlberg and Url (2010), Ohene-Asare et al. (2017) and Tortosa-Ausina et
al. (2012) to avoid biased and misleading conclusions on the efficiency scores (Dyson et al.,
2001; Simar & Wilson, 2902). The three different RTS tests oijiimar and Wilson (2002 & 2011)

med to determine the

(mean of ratios, ratio
appropriate RTS techn ull hypothesis (H,) of
all the three tests states ables 4.6 presents the

test statistics and the cri

Table 4.6: Tests of ret

Conclusion

Hy: ¢y isCRS  level

Fail to reject CRS
Fail to reject CRS
Fail to reject CRS

Test statistic
Critical Value 5%
1%

=
. gﬁ R !
From Table 4.6, the 1% an Mgﬁﬁﬁdlﬂﬁmwﬂtﬂ“@&,ﬁz and S, failed to reject
the null hypothesis that the production technology is globally CRS. Hence, the production

technology of the insurance sector in Ghana is globally CRS. This finding is inconsistent with

the large variations among the sampled insurers for this study. However, the RTS assumption
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chosen by Barros et al. (2008) and (used by) Ansah-Adu et al. (2012) is in line with the RTS
technology chosen with the three tests, CRS. Ansah-Adu et al. (2012) posits that CRS is a
suitable RTS for the insurance sector in Ghana because the technology satisfies some desirable
mathematical properties such as; continuity, (weak) monotonicity, commensurability and
relatively easy accessibility and interpretation. The returns to scale of the Ghanaian insurance
industry can be attributable to any returns to scale however, this study uses the RTS technology
chosen with the three tests and concludes that the Ghanaian insurance sector does not vary in

size.

In order to validate the MEA assessment, the study conducted an isotonicity test which entails

the computation of all inter-correlations of all inputs and outputs (Avkiran, 1999; Wanke et al.,

2015). The variables are correlation coefficient

exists between an input input is highly related

to an increase in an outp he isotonicity property

of the variables are conf

Table 4.7: Correlation

Fixed capital
Labour
Equity capital
Net premium
Investment income
Claims

4.3.2 Findings for claims as undesirable output
To the best of the author’s knowledge, only one insurance efficiency study has considered claims

as an undesirable output (Reyna & Fuentes, 2018). Still, the exclusion of undesirable outputs in
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insurance efficiency analysis may lead to misleading results. To that end, our first objective is to
mathematically model claims as an undesirable output using the MEA model and to compare the
efficiency estimates between claims as desirable and undesirable output. In line with Bi et al.
(2014) and Reyna and Fuentes (2018), the three axioms of undesirable outputs postulated by
Fare et al. (2005) were adopted. The MEA average efficiency estimates for claims as desirable
and undesirable outputs are presented in Table 4.8. Table 4.8 also shows the number of times
insurers were efficient on claims and the corresponding efficiency percentage for the study
period. Appendices B and D present the claims efficiencies when claims were used as a desirable
and undesirable output respectively. In all of our analysis, we use the combined meta-analysis,

where all the observations from all the years (2008-2019) are measured against a common meta

frontier and then class analysis. This makes

comparisons feasible a re measured relative to

a common pooled front

Enterprise Life (Enter L ereas Met Life scored

the second highest (98% output. However, these

efficiency scores change tput (Met Life - 100%,
Enterprise Life — 87% fficiency scores when

claims were considered hat had we used claims

as a desirable output, her potentially practical

justification for cor@'y claims's " anatis@\!e rankings of the

efficiency scores. Specificﬁﬁb rankings of 21 out ( of,30.ine@rhangedj Dbetween the two
' : OCEDAMUS '—

models (desirable and undesirable claims). Star Life (Star L) for instance, was ranked 5" when

claims were considered as an undesirable output but ranked 2" when claims were considered as
a desirable output. Glico Life (Glico L) which was ranked 9" (least ranked) when claims were

undesirable was ranked 6™ when claims were desirable. These findings suggest that the claims
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efficiency could be underestimated or overestimated depending on whether it was considered as
a desirable or an undesirable. Comparing desirable claims efficiency with undesirable claims

efficiency revealed that, on average, the insurers were 88%
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Table 4.8: Average claims efficiency scores (and rankings) for claims as a desirable and an undesirable output (2008 - 2019)

Claims as an undesirable output

Claims as a desirable output

No. of
Insurer Claims efficient  Percentage of Rank Claims No. of efficient claims out  Percentage of Rank
Efficiency claims times efficient Efficiency of 12 times efficient
out of 12

Activa | 0.83 1 8.30% ot 0.37 1 8.33% 8th
CDH L 0.76 1 8.30% ot 0.51 0 0.00%

Donewell IC 0.84 2 16.70% gth 0.46 1 8.33% 8th
Donewell L 0.87 5 41.70% 5th 0.75 5 41.67% 5th
Enter L 0.99 10 8 ' 7 58.33% 3rd
Enterprise IC 0.85 5 4 5 41.67% 5th
Equity IC 0.93 6 5 0 0.00%

Ghana L 0.84 5 4 3 25.00% 6th
Ghana UA 0.79 1 8 1 8.33% 8th
GhanaUnion L 0.95 5 4 0 0.00%

Glico GI 0.78 1 8 0 0.00%

Glico L 0.82 1 8 3 25.00% 6th
Met L 0.98 11 9 12 100.00% 1st
Metropolitan IC 0.83 2 16 3 25.00% 6th
NSIA GC 0.86 3 2F 0 0.00%

Phoenix IC 0.86 0 0 0 0.00%

Phoenix L 0.87 6 50 6 50.00% 4th
Prime | 0.82 4 3 0 0.00%

Provident IC 0.83 1 0 0.00%

Provident L 0.91 5 5 41.67% 5th
Quality IC 0.84 0 0 0.00%

Quality L 0.86 3 2 16.67% 7th
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Regency Al 0.92 5 41.70% 5th 0.54 2 16.67% 7th
SICIC 0.79 1 8.30% oth 0.33 0 0.00%

SICL 0.90 8 66.70% 3 0.94 8 66.67% 2nd
Star AC 0.92 3 25.00% 7t 0.59 2 16.67% 7th
Star L 0.89 5 41.70% 5th 0.95 8 66.67% 2nd
Unique IC 0.82 4 33.30% 6t 0.51 2 16.67% 7th
Vanguard AC 0.9 3 25.00% 7t 0.80 3 25.00% 6th
Vanguard L 0.93 8 66.70% 3 0.83 8 66.67% 2nd
Mean 0.87 0.67

Median 0.88 0.66

SD 0.12 0.28

Min 0.40

Max 1

Count 360

Test of means T-test 13.351***

Wilcoxon test  45230***

*p-value < 0.05; **p-value < 0.01; ***p-value < 0.00 aximum and standard deviation respectively.

INTEGR PROCEDAMUS |
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efficient under undesirable claims efficiency, but 66% efficient under desirable claims
efficiency. To test for the significant difference in the ranks rather than averages of efficiency
between undesirable claims efficiency and desirable claims efficiency, the non-parametric
Wilcoxon sign-ranked test was used and corroborated with the dependent t-test (parametric
test). The p-value (0.00) of the Wilcoxon sign-ranked test statistic (W = 45230) confirmed a
significant difference between the rankings of desirable and undesirable claims efficiency

estimates at 0.1% level of significance.
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Figure 4.3: Claim eff

With the confirrn@,ii‘ﬁcant difference € rankings.of i,]!efficiencies, this
F ¥

n Si ut-Thevialin plot isuse

. WIEERT PROCEDARRUS®

the distribution of the claims efficiencies across the 12-year period. A violin plot is used instead

study considers claims as in Figure 4.3 to illustrate

of kernel density graphs or box plots because it presents a five-point summary of the claim
efficiency estimates in addition to the distribution of the efficiency estimates (Fare et al., 2015;

Liu et al., 2021). Besides, the density traces of the violin plot provide new information on the
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shape of the distribution for the claims efficiencies (Hintze & Nelson, 1998). From Figure 4.3,
the same median efficiency (the thick black line in the inter-quartile range of the boxplot) was
the same for 2016 and 2013, even though fatter densities were illustrated in 2013. Notably,
different proportions of insurers were shown to have obtained full efficiency in a year. In 2019
and 2011, a relatively small proportion of the insurers operated at full claim efficiency even
though a relatively greater proportion of the insurers attained full claims efficiency in 2015,
2017 and 2018. Unlike the maximum claims efficiencies which remained stable across the
entire sample period, the minimum claims efficiency varied across the years. In 2019, the
lowest minimum claim efficiency was shown to be obtained by some insurers with the highest
minimum claim efficiency recorded in 2015. The thin densities of the claim distribution in

2019, signifies the po o ar. The fatter densities,

highest minimum cl cy signify the good

performance of the sa

4.3.3 Variable-specif

Consistent with Asmi ly, a particular insurer

can be doing better i other output, say, net

premiums. Thus, there ch that, the non-radial

ovements identified. This

adjustments to the inputs

objective is to asse put/output-specific : 1cies of Ghanaian

N A PRREETRS

scores for each insurer are assessed and presented in Table 4.9. Appendices C and D present

said, this study’s
insurers in a disa'ggrggat ,riablel-sfoecific efficiency
the comprehensive and variable-specific efficiencies respectively. As indicated, the 12-year
data for the insurers are pooled, implying that the same insurer in different periods is considered
as a different observation under evaluation. Using a common frontier rather than
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Table 4.9: Average efficiency of insurers for pooled data (2008 — 2019).

Fixed Equity Net Investment Comprehensive

Insurers Asset Labour Capital Premium Income Claims Efficiency
Activa | 0.80 0.79 0.79 0.75 0.24 0.83 0.31
CDHL 0.67 0.74 0.73 0.71 0.21 0.76 0.19
Donewell IC 0.74 0.80 0.82 0.81 0.44 0.84 0.37
Donewell L 0.82 0.84 0.84 0.74 0.46 0.87 0.51
Enter L 0.99 0.99 0.99 1.00 1.00 0.99 0.96
Enterprise IC 0.83 0.86 0.82 0.86 0.45 0.85 0.41
Equity IC 0.87 0.88 0.88 0.95 0.72 0.93 0.61
Ghana L 0.78 0.82 0.84 0.74 0.46 0.84 0.50
Ghana UA 0.71 0.78 0.69 0.67 0.37 0.79 0.35
GhanaUnion L 0.91 0.88 0.87 0.97 0.88 0.95 0.75
Glico Gl 0.71 0.74 0.73 0.73 0.23 0.78 0.32
Glico L 0.84 0.86 0.75 0.87 0.38 0.82 0.41
Met L 0.99 0.98 0.96
Metropolitan IC  0.81 0.83 0.47
NSIA GC 0.80 0.86 0.41
Phoenix IC 0.81 0.86 0.36
Phoenix L 0.89 0.87 0.62
Prime | 0.75 0.82 0.28
Provident IC 0.72 0.83 0.28
Provident L 0.86 0.91 0.71
Quality IC 0.70 0.84 0.29
Quality L 0.77 0.86 0.53
Regency Al 0.91 0.92 0.62
SICIC 0.67 0.79 0.19
SICL 0.87 0.90 0.67
Star AC 0.88 0.92 0.66
Star L 0.86 0.89 0.69
Unique IC 0.82 0.82 0.42
Vanguard AC 0.88 0.90 0.58
Vanguard L 0.94 0.93 0.84
Mean 0.8 0.87 0.82
Median 0.09 ! 0.06 0.09
SD 0.82 . 84— 0.85— .86 0.82
Min 067 0. 2‘“ TEﬁEI FHEEIQEDJ"H‘S%} 076 0.67
Max 0.99 0.99 0.99 1.00 1.00 0.99 0.99
Count 30 30 30 30 30 30 30

Min, Max and SD mean minimum, maximum and standard deviation respectively.
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separate yearly frontiers ensure comparability of efficiency scores and identification of rising
and falling trends in efficiency. Included in the Table are the summary statistics of efficiency
scores across insurers for each variable and for comprehensive MEA efficiency scores. The
geometric mean efficiencies are estimated because the arithmetic means could give misleading
conclusions when used to summarise normalised benchmark scores (Ohene-Asare & Asmild,

2012; Roberts, 1990).

We start with the comprehensive MEA efficiency scores in Table 4.9 and Figure 4.4. The
highest and lowest comprehensive MEA efficiency scores of insurers are shown to be 99% and
67% respectively. On average, insurers recorded a full efficiency of 82%. The findings clarify
that larger parts of insurers’ variables are performing MEA efficiently on the combined

variables in the insural

generally. This implies
that there is less pote aise desirable outputs.
Having said that, inve comprehensive MEA
inefficiency as eviden aggregated or integrated
MEA efficiencies and ower than those of the
other variable-specific lower comprehensive
efficiencies appear to estment income since

both efficiencies follo

To get a disaggregated

examined. The @ﬁxed assets-sp h ital-specific, net

premium-specififxr_i nveerem T@gﬁﬁgﬁﬁ

999%, 100%,100%,99%,96% respectively) are shown to be bbtained by Enterprise Life (Enter

efficiency scores (99%,

L), the oldest foreign insurer in Ghana. This suggests that Enterprise Life, is the best insurer at
utilising inputs (fixed assets, labour and equity capital) and at generating outputs (net premium,
investment income and claims) in an efficient way. Hence, they could only improve their fixed
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asset and labour cost by 1%, their investment income and claims by 1% and 4% respectively.
On average, SIC Insurance Company is shown to be the worst performing insurer on the fixed
asset, labour and investment income (67%, 72% and 19% respectively). The lowest average
efficiency for equity capital, net premium and claims were recorded by Ghana Union
Assurance (Ghana UA), Prime Insurance (Prime I) and CDH Life (CDH L) respectively (69%,
61% and 76%). In terms of outputs (net premium, investment income and claims), Prime
Insurance, SIC Insurance Company and CDH Life could improve its net premium-specific,

investment income-specific and claims-specific efficiency by 39%, 81% and 34% respectively.

By disaggregating, insurers are generally observed to be performing well on the variable-

specific efficiency scores (except investment income) compared to the average comprehensive

MEA efficiencies. For Life was between 99%

and 80%, whereas its the misleading results

that comprehensive M

Figure 4.5 depicts the res. The violin plot, as

noted, reveals the five 0 estimates the density
function of the efficie Except for investment
income efficiency dis rn are shown for all the
variables. This confir ‘estment income across

the years. Claims are sho : Sity ‘labour and equity capital.

The relatively sm@gﬂ on the claims ity lgher efficiencies
J . — |
recorded by insurers..Th iﬁFE@‘ﬁ? Eﬂfﬂ@ﬁﬂm distribution coupled with
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Figure 4.5: Variable-specific efficiencies (2008 — 2019)
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their thin densities reveal the relatively lower efficiencies recorded by some insurers. Overall,

insurers are shown to have performed well on all the variables except investment income.

To further assess the trends and patterns over time in disaggregated and aggregated efficiencies,
the average variable-specific and comprehensive efficiencies of the insurers across the study

period are shown in Table 4.10. As indicated, using the aggregated or comprehensive efficiency

Table 4.10: Average variable-specific efficiencies across time (2008 — 2019).

Fixed Equity Net Investment Comprehensive
Year Asset Labour  Capital Premium Income Claims Efficiency
2008 0.84 0.88 0.86 0.83 0.19 0.87 0.26
2009 0.82 0.82 0.85 0.81 0.17 0.83 0.25
2010 0.81 0.83 0.85 0.84 0.11 0.86 0.17
2011 0.77 0.79 0.79 0.71 0.31 0.80 0.37
2012 0.77 oy 0.85 0.54
2013 0.81 0.89 0.64
2014 0.81 0.87 0.64
2015 0.91 0.92 0.76
2016 0.78 0.88 0.59
2017 0.85 0.92 0.74
2018 0.85 0.92 0.66
2019 0.78 0.79 0.52
Mean 0.82 0.87 0.51
Test of
difference
(Friedman
Test) 42.07*** 45.302*** 69.91***

*p-value < 0.05; **p-

scores alone to depict able to fully understand

the true sources of ine s and trends of efficiency

differences, Whic@iejul forr manager olirc¥ H@Hence, the use of

the disaggregated SCOres. ol oeTixed s -specific.and labour-specific
WPER R RIS

was obtained in 2015, the highest investment income-specific and net premium-specific was

eguiatory p

also obtained in 2017. Unlike these variables, the highest equity capital-specific efficiency was
obtained in two different years, 2015 and 2017, with the highest claims-specific efficiency,
also recorded in these years including 2018. Labour recorded the lowest average efficiency in
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2012, equity capital and claims recorded the lowest efficiency in 2019, whereas net premium
and investment income recorded the lowest average efficiency in 2011 and 2010 respectively.
These revealed that insurers generally utilised all inputs to generate more investment income
with few claim payments in 2015. In comparison, with the targets, some inputs were not

properly utilised in 2019 (equity capital), 2011 and 2012 (fixed asset and labour respectively).

Once again, from Table 4.10, it is observed that the comprehensive efficiency scores were
generally below that of the individual variable-specific MEA efficiency scores. For instance,
the comprehensive efficiency scores from 2008 and 2011, were all below 50% whereas the
variable-specific scores were all above 50% for the same period. Claims recorded efficiency

scores 79% and above over the study period, which shows its remarkable contributions towards

overall performance. from claim efficiency

(87%), followed by la et premium efficiency
(83%), then fixed ass be confirmed from the
line graphs in Figure 4.6. erent groups of annual
variable-specific effic ormed. Yet, recall that
the test is based on Its suggest significant
difference among the | efficiencies at 0.1%

significant level.

—

1 Wrecn proceomms.
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Figure 4.6 provides a ic (disaggregated) and

aggregated efficiencie ific efficiency patterns
for each variable (ex atively stable as time
passed. Still investme ubstantially increasing
during 2008-2019 pe observed to be slowly
declining after 2018. se variables across the
years, except for 201¢ encies and investment
income efficiencies ar ble-specific scores. This

showed mvestm ine e overall MEA

inefficiency. The substaﬁ i study_period reveals an
EGFH Pl chEme -

improvement in performance on investment meemeand-msurer performance at large. Unlike

the other variables, a sharp decrease in investment income efficiency is observed from 2017.

Again, investment income and comprehensive efficiency are revealed to be related and to

follow the same trends and patterns.
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4.3.4 Life and non-life efficiencies

There exist unconfirmed differences between the efficiency and dynamic productivity of life
and non-life insurers in Ghana. Whereas Ohene-Asare et al. (2019) observed significantly
lower input productivity growth in Ghanaian life businesses but statistically insignificant
differences between the cost productivity growth of the insurance groups, Danquah et al. (2017)
observed Ghanaian life insurers to be more cost-efficient than their counterparts, the non-life
insurers. This said, our third objective is to assess the comprehensive and variable-specific

MEA efficiency differences between life and non-life insurers.

Table 4.11 depicts the pooled meta-analysis of the comprehensive MEA efficiency scores of
the life and non-life insurers across the 2008-2019 periods, together with the number of times

insurers in a group h d their percentages. A

comparison of the av. rs are pictured as line

graphs in Figure 4.7 , it appears the impact
of the 2006 policies a e and non-life insurers
became apparent fro creases in integrated
efficiency scores in b gradually dip from the
year 2017 to 2019. Ha: ean efficiency of 63%)

were generally consi nterparts (with mean

Again, judging fr@g 4.11 and d umber of effi_cient,"

can be deduced that life iﬂugw#%ﬁtyﬁrﬁﬁrﬁ‘Me icient insurers (maximum

= 9, minimum = 4) than for non-Life insurers (maximum = 7, minimum = 1) over the study

in each group, it

period. Besides, relatively greater percentage of fully efficient life insurers (highest — 69.2%,

lowest —
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Table 4.11: Comprehensive average efficiency score of life and non-life insurers (2008 —
2019).

Life Non-life
Total
no. of
No. of Test of No. of eff
efficient difference efficient firms
firms in the across firms in the out of
Efficiency group Percentage years Efficiency group Percentage 30
2008 0.33 5 out of 13 38.5% 123.5 0.22 7 out of 17 41.2% 12
2009 0.38 5 out of 13 38.5% 145 0.18 4 out of 17 23.5% 9
2010 0.31 5 out of 13 38.5% 151 0.11 4 out of 17 23.5% 9
2011 0.62 4 out of 13 30.8% 188** 0.25 1 out of 17 5.9% 5
2012 0.78 5 out of 13 38.5% 190** 0.41 2 out of 17 11.8% 7
2013 0.80 6 out of 13 46.2% 180** 0.54 3outof 17 17.6% 9
2014 0.73 6 out of 13 46.2% 151 0.57 3outof 17 17.6% 9
2015 0.83 9 out of 13 69.2% 142 0.71 6 out of 17 35.3% 15
2016  0.59 5 out of 1 & outof17  23.5% 9
2017 0.79 9 out of , : . outof17  23.5% 13
2018 0.73 7 out of c . out of 17 17.6% 10
2019 0.70 7 out of : 424 out of 17 5.9% 8
Mean .
Median
SD
Min
Max

Non-parametric test (Fried
Parametric test (T-test)

*p-value < 0.05; **p d SD mean minimum,

maximum and standa

30.8%) were recorded efficient insurers were

recorded out of which 9 insurers. In general, the

|
percentage of the age of the number

of efficient non:fifeins eiﬂlfcﬂﬂﬁT ﬂﬂéﬁﬁﬁ-@ﬁ : quy“éfficient sampled
insurers in 2015, the number of fully ef:ficient sahpzled insurers reduced inconsistently each
year. Whereas the non-life insurers experienced a quick reduction in the number of fully
efficient non-life insurers (6 in 2015, 4 in 2016 and 2017 and 1 in 2019), the number of fully

efficient life insurers has been inconsistent (9 in 2015, 5 in 2016, 9 in 2017 and 7 in 2018 and
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2019). Hence, the inconsistency in the total number of fully efficient insurers from 2015 to
2019 can be connected to the inconsistencies recorded in the life group. As the number of
efficient life insurers increased steadily across the study period, the relative number of nonlife
insurers declined speedily. It is clear from Table 4.11 that, based on their median efficiency
scores, life insurers (median = 83%) outperformed non-life insurers (median = 52%). Also, the
number and the percentage of efficient life insurers are consistently higher than of the number
and the percentage of efficient non-life insurers, indicating some potential advantages that life
insurers may have. These findings are in line with Alhassan et al. (2015) which identified life
insurers to be more DEA efficient than non-life insurers and Ansah-Adu et al. (2012) which

also obtained higher DEA efficiency scores for Ghanaian life insurers.

To statistically establi iciency scores and the

rankings of life and test, the independent
Wilcoxon-Mann-\Whi al., 2019a; Asmild &
Matthews, 2012). Thi nature and hence lack
parametric statistical the Wilcoxon-Mann-
Whitney U test and i their corresponding p-
values are shown in Mann-Whitney U test
determines if the MEA the same distribution.

The results show a sta ant dift bet listribution of the MEA

efficiency estima@hﬁe two'd

that based on the pooled gaﬁlfe insurers significantly outpe
~—"1 INTEGR| PROCEDAMUS

life insurers across the entire study period.
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Figure 4.8: Distribution of average efficiency by business types (2008 -2019)

For deeper understanding and concise presentation, violin plots were used to present the

summary statistics and the shape of the distribution of the comprehensive MEA efficiency
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scores of the life and non-life insurers as depicted in Figure 4.8. Already, the line graph in
Figure 4.7 showed the average efficiencies of life insurers were consistently above that of non-
life insurers over the study period except in 2016 where they equalled each other, a fact that
was statistically confirmed by the Mann-Whitney U test. The violin plot, unlike the boxplot or
line graph, shows both density estimates of the scores (for the shape of the distribution) and
the (basic) five-point summary statistics of efficiency scores with a boxplot (Fare et al., 2015;
Hintze & Nelson, 1998; Liu et al., 2021; Richter et al., 2021). The violin plot can portray the
presence of clusters in the nonparametric data and the densities can showcase the peaks, bumps
and valleys in the distribution. It can combine the merits of the box plots with density traces in

one diagram, by making the width of the box proportional to the estimated density (Fare et al.,

2015). The plots shorﬁ life insurers integrated

efficiencies. More ske ies. The violin plots of
the efficiencies of Ii % and 70% average
efficiency level where insurers beyond 70%
average efficiency le entage of life insurers
recorded average com surer recorded average
comprehensive efficie oump in the violin plot
of the non-life insurer jesting that majority of

the non-life insurers rec

Generally, non-life insurers pe
é;

| EE W ;
~—1INTEGR| PROCEDAMUS T

: hetween 50% and 25%.

study period.
|
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Table 4.12:Variable-specific efficiencies of life and non-life insurers.

Fixed Labour Equity Net Investment
Life Insurers Asset (LAB) Capital Premium Income (11) Claims (CL)
(FA) (EC) (NP)

CDHL 0.67 0.74 0.73 0.71 0.21 0.76
Donewell L 0.82 0.84 0.84 0.74 0.46 0.87
Enter L 0.99 0.99 0.99 1 1 0.99
Ghana L 0.78 0.82 0.84 0.74 0.46 0.84
Ghana Union L 0.91 0.88 0.87 0.97 0.88 0.95
Glico L 0.84 0.86 0.75 0.87 0.38 0.82
Met L 0.99 0.99 0.98 0.94 1 0.98
Phoenix L 0.89 0.87 0.89 0.87 0.57 0.87
Provident L 0.86 0.88 0.86 0.73 0.91 0.91
Quality L 0.77 0.83 0.86 0.81 0.69 0.86
SICL 0.87 0.91 0.91 0.99 0.82 0.9
Star L 0.64 0.89
Vanguard L 0.82 0.93
Mean 0.68 0.89
Median 0.69 0.89
SD 0.25 0.06
Min 0.21 0.76
Max 1 0.99
Activa | 0.83
Donewell IC 0.84
Enterprise IC 0.85
Equity IC 0.93
Ghana UA 0.79
Glico GI 0.78
Metropolitan IC 0.83
NSIA GC \ 0.86
Phoenix IC 0°€ 0.86
Prime | %;5 . 0.82
Provident IC ’ 0.77 0.83
Quality IC - — _0 8 , 0.84
Regency Al ‘H TE@H‘ F HCU:QEDJB"H - 0.92
SICIC 0 67 0.72 0.71 0.72 0.19 0.79
Star AC 0.88 0.85 0.84 0.89 0.61 0.92
Unique IC 0.82 0.8 0.84 0.86 0.36 0.82
Vanguard AC 0.88 0.83 0.89 0.89 0.44 0.9
Mean 0.79 0.80 0.81 0.80 0.38 0.85
Median 0.8 0.80 0.81 0.81 0.37 0.84
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SD 0.07 0.04 0.06 0.09 0.15 0.05
Min 067 0.72 0.69 061 019 078
Max 091 088 092 095 0.72 093
Test of

D('fl\;e;ﬁzf;e 20328**% 21068%** 20537*** 19846***  21508%**  19572%

Whitney)

T-test  46769%* 57715%** 57715%** 25326* 50312%**  3.2620%

*p-value < 0.05; **p-value < 0.01; ***p-value < 0.001; Min, Max and SD mean minimum,
maximum and standard deviation respectively.

As the comprehensive MEA efficiency scores can be decomposed into its variable-specific
components, we also computed and reported the disaggregated scores for each insurance type
measured relative to the pooled meta-frontier in Table 4.12 (across individual insurers) and

Table 4.13 (across time), which allows us to assess not just efficiency levels but also efficiency

patterns like other st in the Tables are the

summary statistics of nce groups.
It is observed that cla 5%) insurers were the
highest average varia insurers that reported
the highest disaggregs nterprise Life (almost
100%) came on top fi t income, and claims,
whilst SIC Life and erage. On average, the
lowest performing life able > effr as CDH Life. In other
words, to be as fully , t $8ts)" if ve to reduce the use of
fixed assets by 33%, labour by claims b a!and augment net
premium and inv_es';%? i by 29% and 79% respecti_vg : %jttention to non-life
insurers, the higl-1-e§t varia*bqgjgm rﬁﬂ@@%@%émed by--F;egency Alliance

Insurance (Regency Al) on fixed assets (91%) and equity capital (92%) and Equity Insurance

Company (Equity 1C), which recorded the highest disaggregated scores on all outputs and

labour. On average, non-life insurers that obtained the lowest variable-specific efficiencies on
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fixed assets, labour and investment income was SIC Insurance Company, on equity capital was
Ghana Union Assurance (Ghana UA), on the net premium was Prime Insurance (Prime I) and
on claims was Glico Ghana Insurance (Glico GI). Whereas Regency Alliance Insurance was
the best non-life insurer in utilising fixed assets and equity capital, Equity Insurance Company
was the best on utilizing labour and generating more desirable outputs with less undesirable
output. The utilization of fixed assets and labour and the generation of investment income by
SIC Insurance Company needs maximum improvement to operate effectively in the insurance
market. This finding is in line with Danquah et al. (2018) who observed SIC Insurance
Company to be the least DEA cost-efficient insurer despite being the largest non-life insurer in

terms of fixed assets. A cursory glance at the middle and the lower part of Table 4.12 depicts

the summary statistics ore efficient than non-

life insurers across a jain, we examine the
differences between t life insurers using the
traditional nonparame r the average variable-
specific efficiencies a e groups. The findings
for each disaggregat ificant disaggregating
efficiency difference e o level of significance.
This was also corrobo
Once again, Figure 4.9 verage of disaggregated
efficiency scores categorized ant d non- o ers. Though like
the box-plot and_ke plots, the violin plot has ade htages !of presenting the

evolution of efficié-n'éy scorésh?)x %&ﬂﬁmaﬁﬁyéand dens-i-ty or distributions,
presenting presence of clusters and the densities highlighting the peaks, bumps and valleys in
the efficiency distributions (Fére et al., 2015; Hintze & Nelson, 1998; Richter et al., 2021).

From the violin plot, a wide spread of all variable-specific efficiency scores (except net
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Figure 4.9: Variable-specific efficiency of life and non-life insurers

premium efficiencies) are observed for the life insurers. Non-life insurers, on the other hand,

are shown to relatively have a shorter spread for the variables except for investment income
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efficiencies. These results suggest a wide spread of performance level among the life insurers
(0.20, 1) but a relatively shorter spread for the non-life insurers (0.20, 0.95). Relatively fat
variable-specific efficiency distributions are observed for the non-life insurers. Except for
investment income, the bumps in the variable-specific efficiencies of the non-life insurers are
shown to be around lower levels of efficiency signifying lower levels of efficiency scores.
However, the bumps of the variable-specific efficiencies of the life insurers are shown around
higher efficiency levels. Overall, the life insurers outperformed non-life insurers on all

variables.

Table 4.13: Variablesspecific.efficiencies.of .l ife.and.non-li ife.insur

2008 200¢ 2017 2018 2019

FA L 0.85 091 087 0.87
NL 0.84 081 083 0.72
LAB L 0.87 091 0.88 0.89
NL 0.88 0.85 0.83 0.73

EC L 0.86 092 0.88 0.85
NL 0.85 0.87 081 0.72

NP L 0.78 09 087 081
NL 0.86 091 0.88 0.65

I L 0.24 081 0.76 0.74
NL 0.16 0.72 0.57 0.46
CL L 0.87 094 092 0.86
NL 0.88 09 092 0.73

—

N iWrecipaocEomns \—
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Figure 4.10: Variable-specific efficiencies of life and non-life insurers
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A detailed examination of the pooled average variable-specific efficiency differences between
life and non-life insurers for each of the input and output variables are shown in Table 4.13 and
illustrated in Figure 4.10. Using this information, we can examine not only the levels but the
patterns of efficiency differences between life and non-life insurers. From Table 4.13, fixed
assets, labour, equity capital, investment income and claims efficiencies of the life insurers are
generally found to be more efficient over time than non-life insurers. The average efficiency

difference in net premium between life and non-life insurers fluctuated over time.

Figure 4.10 depicts the average efficiency scores for each insurer type in each year for each of
the variables measured relative to the meta-frontier with the life insurers being consistently

more efficient than the nonlife insurers on investment income, fixed asset, equity capital and

labour, with no clear ium during the study

period. Based on the urers on fixed assets,

labour, equity capital

4.3.5 Insurance effici
The sensitivity of non nd sampling variations
makes it unsuitable to ‘ical inferences (Daraio
& Simar, 2007). Bes annot be overlooked,
considering their direct ir al., 2001_); As a results, the

assessment of the r ge analysis, cannot

be ignored during effici né#%&ﬁﬂh@ﬁ@@ﬁi@ﬁﬁﬂl&qpctwe is to explore the

exogenous covariates that affect the efficiency of insurance firms in Ghana.
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4.3.5.1 Second stage data description

The descriptive statistics of a dataset gives a detailed statistical description of the dataset
sampled for analysis. The quantitative description and distribution of the data gives an insight

and broader understanding of the nature and behaviour of the data sampled for the study and
upon which conclusions can be made for the study. Based on previous insurance efficiency
studies, potential insurance efficiency determinants were selected namely: competition,
leverage, size, solvency, profitability, type of insurer and underwriting risk. Table 4.14 depicts
the summary statistics of the second stage data sampled for the second stage analysis. The

Table shows the variables chosen for the robust econometric models, the number of

observations, mean values, standard deviation, minimum and maximum values of each variable

chosen for the study.

Table 4.14: Descripti

Variable Count
Eff 00 360
Bl - 360
Lev 6,953 ; 18 360
Size 1 ' 360
Solv 360
ROA 360
TOI 360
Urisk 360

Eff: MEA comprehens
ROA: Return on Assets; TO

Maximum; SD: S@iﬁieviatlo ;
| q'a R ,
In testing for multicolline rﬁyaﬁsﬁﬂk RWM%L bles, the study employed

the Pearson’s correlation coefficient matrix and the variance inflation factor (VIF) to check for

verage; Solv: Solvency;
) risk; Min: Minimum; Max:

multicollinearity among the variables chosen for the study. The correlation coefficient index

provides the magnitude and directional relationship between two sets of variables without

107



University of Ghana http://ugspace.ug.edu.gh

causality implications (Pindyck & Rubinfeld, 1991) and the VIF test analysis is used to
determine the viability of multicollinearity of the variables employed for the second-stage

analysis. The results from both tests are presented in Table 4.15.

Table 4.15: Correlation matrix of regressors and MEA efficiency scores

Variable Eff Bl Lev Size Solv ROA TOI Urisk VIF
Eff 1
Bl -0.23*** 1 1.02
Lev -0.01 -0.06 1 43.48
Size -0.03 0.02 -0.25*** 1 1.1
Solv 0.04 0.11** -0.06 0.05 1 1.05
ROA -0.02 -0.07 0.99***  -(0.22*** -0.03 1 42.91
TOI 0.29*** -0.01 -0.05 0.04 0.02 -0.06 1 1.06
Urisk -0.08 0.03 -0.01 0.00 0.11** -0.02  0.22*** 1 1.07

efficiency; Bl: Boone
Type of Insurer; Urisk:

**p-value < 0.05;
Indicator; Lev: Lever
Underwriting risk.

Taking precedence fr set as the threshold to

indicate the occurrence,oihigh inearity among exogena iables using the Pearson’s

correlation matrix. H 1.15, there is a strong

significant positive re corresponding VIF of

43.48 and 42.91 respe ults in a corresponding

increase in the ROA test value above 10 is

problematic and an indic ariables however O’Brien

(2007) suggests @_ﬂer vélues Ty t by themselve : ]ht the results of

-
{

regression analyﬁshneitﬂeqwgﬁﬁnaﬁ %‘Eﬁimf

variables from the analysis. Hence, none of the second étage variables were eliminated from

one or.more independent

the study.
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4.3.5.2 Results of regression analysis of the whole sample

Aside the two-step systems GMM (an instrumental variable regression), several tests have been
undertaken to determine the appropriate and robust static regression model (pooled OLS, FE,
RE) for the study. To begin with, the results (p-value = 0.032) of the Chow test for poolability,
as specified as in equation 3.16, request the rejection of the null hypothesis, dataset is poolable.
This implies that a panel regression model is appropriate for this study. Second, a Durbin-Wu-
Hausman (DWH) test, as specified in equation 3.17, was undertaken to determine the
appropriate panel regression model (fixed effect (FE) or random effect (RE)) for the study. Its
result (p-value = 0.9807) required the study to fail to reject the null hypothesis, the unobserved

individual-specific effects are uncorrelated with all the exogenous variables. This meant that,

the random effect (R

Next, the results (p-v. el data, as specified in

equation (3.18), ident data at a 5% level of
significance. As a to address the serial
correlation/autocorrelz tested for the presence
of heteroskedasticity n’s CD (2006) using
equations 3.20 and 3. n Table 4.16, the null
hypothesis of constant hypothesis of a varying
variance as the p-values asts were lessithan the si level, 5%. In addressing

the presence of h@eﬁdastlc Y

properly estimate the standa FOrs.

~——1 INTEGR p %EDAHUE

With the results of the preceding tests demon ing-the-existence of heteroskedast|C|ty and
serial correlation in the study data, the PSCE estimator of Beck and Katz (1995) was used. This

estimator and its robust standard errors for the chosen random effect are depicted in
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Table 4.16:Total sample regression results

Dependent Variable: Eff
Two Expected
Pooled Fixed Random RE Beck RE. steps signs
RE-HAC Katz- Driscoll-
OLS Effect Effect PCSE sce System
GMM
Independent Variables (1) (2) (3) (4) (5) (6) (7) (8) (9)
Lag(Eff) 0.125*** | 0.3527*** | 0.189***
(0.032) (0.117) (0.041)
Bl 0.183*** (0.180*** 0.181*** (0.181*** (0.181*** 0.181*** (.109*** 0.473* 0.101*** +
(0.038) (0.034) (0.034) (0.053) (0.035) (0.027)  (0.018) (0.206) (0.017)
Lev 0.005 0.005 " - 0.000 +
(0.006) (0.006) - (0.000)
Size -0.01 -0.013 -0.007 -0.025 -0.001 +
(0.012) (0.012) (0.008) (0.015) (0.008)
Solv 0.013 0.012 -0.001 -0.002 -0.0107 +
(0.007) (0.008) (0.008) (0.010) (0.009)
ROA -0.085 -0.077 -0.011 0.001 - +
(0.098) (0.095) (0.094) (0.061) (0.006) -
TOllife 0.784*** - 0.005* 0.556 0.003 +
(0.217) - (0.002) (0.289) (0.002)
TOlInon-life 0.574** - i i
(0.215) - - -
. - - -0.114 -0.021 +
Urisk -0.126 0.135%** -0.005
(0.04) (0.04) (0.027) (0.931) (0.020)
Intercept - -
. . Fixed
Diagnostic Tests POLS Effect

110




University of Ghana http://ugspace.ug.edu.gh

1) (2) 3)

System
GMM

()

R-squared
F-Statistic

Chow test for poolability

DWH Test (RE verse FE)

Breusch-Godfrey test for
serial correlation
Breusch-Pagan test for
cross-sectional dependence
(RE)

Pesaran CD test for cross-
sectional dependence (RE)
AR(1)

AR(2)

J Hansen
Wald test
No. of insurers
Observations
Number of instruments
AlC
BIC

0.168 0.112 0.133

193322 ¢ oG 54093
0.032(1.
33)
0.9807
(54.109)
0.00
(46.714)
30 30
360 360

Note: Robust Standard errors in parentheses. *p-va

0.0656
0.0646
0.0613
0.000

360

43

173
208.084

0.1471

0.1471

0.9586
0.00

360
47
171.7386
202.8274

0.4182
0.4182
0.138
0.00

360
49
171.8821
202.971
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Table 4.16 under the column labelled RE Beck & Katz-SCC. Poveda (2011) has criticized this

method of correcting heteroskedasticity and serial correlation in data to poorly handling data
with large panel cross-sectional dimensions. Hence, the robust standard errors of Driscoll and
Kraay (1998) was also applied on the random effect model to account for serial correlation,
heteroscedasticity and cross-sectional dependence while relying on the ability of the PSCE
estimator to ensure a consistent covariance matrix, independent of the cross-sectional dimension
(Poveda, 2011). These results are shown in Table 4.16. Among the three robust random effect
models (RE-HAC, RE-PCSE and RE-SCC) used, models (4) and (6) were observed to have two
significant variables, whereas model (5) had three significant variables. Hence, model 5 could be
selected as the preferred model. The static panel models (pooled OLS, random effects, fixed effects,

RE-HAC, PCSE, and SCC) are good in allowing for the control of unobserved heterogeneity

thereby ensuring unbié do not make room for

endogenous regressors s a results, the two-step

system GMM is chose

In Table 4.16, three regre ated with the two-step system

GMM measure. First, ronmental variables of

the study. Second, a h excludes only ROA,

(9). In line with Cho ation Criterion (AIC)

and the Bayesian Info e estimated to identify

the simplest parsimoni “leverage and ROA from

ation betwee N variables (see

eﬁ@mble 4.16, model (8) is

From model (8), the estimated coefficient of the lag of the aggregate efficiency scores has a

model (7) and (8 ue to the Stron

Table 4.15). Based on th@l};ﬁﬁth& BIC and AIC pr
Ri PROCEDA

chosen as the appropriate regression modelforthe-study.

positive significant impact on aggregate efficiency, signifying that, an insurer’s previous year’s

overall efficiency score positively impacts its current overall performance at 0.1% significance
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level. This finding is consistent with Sultana & Rahman (2020) which identified a positive

relationship between the cost efficiency of banks in Bangladesh and its lag. This means that
insurer efficiency in the previous year were also efficient in the current year hence, Ghanaian

insurers can improve their present performance by improving their past performance.

The Boone Indicator (Bl) which was used to measure the level of competition among insurers,
showed a negative significant impact on integrated efficiency scores at 5% significance level.
That is, holding all other factors constant, on average, a percentage increase in the level of
competition among insurers is associated with 47.3% decrease in the performance of Ghanaian
insurers. This finding agrees with the prior expectation of the study and previous insurance
efficiency studies (Alhassan & Biekpe, 2016; Barros et al., 2010). This finding also supports

the “quiet-life”” hypothet tive insurance markets

improve efficiency. T rance sector improves

the comprehensive ef

Leverage, size, solve e all observed to have

insignificant impact o ggests that changes in
these exogenous varial surers. These findings
contradict Ohene-Asa assan et al. (2015) is

consistent with Ansah

4.4 Chapter su

This chapter presented the resur%a‘sﬁﬂw%&wesmd data and the study data.

The analysis and discussions of the study data were in line with the objectives of the study.

The first objective of the study sought to mathematically model claims as an undesirable output

and to compare the efficiency estimates of claims as a desirable and an undesirable output. This
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objective was undertaken by evaluating the efficiency scores of the sampled insurers with

claims as a desirable and an undesirable output. The results showed that claims efficiency could
be underestimated or overestimated depending on whether it was considered as a desirable or
undesirable. Furthermore, significant difference was identified between the rankings of the
desirable and undesirable claims efficiency estimates at the 0.1% level of significance. With
the confirmed difference between the two efficiencies, the claims-specific efficiencies of
insurers were analysed, using claims as an undesirable output. The results for this analysis
revealed the same median efficiency in 2016 and 2013, even though fatter densities were
depicted for the year 2013. Overall, insurers performed well on claims in 2013 and 2015.

However, 2019 recorded the worst claim performance of insurers.

The second objective pecific efficiencies of

Ghanaian insurers in e 12-year pooled data

for the insurers wer the variable-specific
efficiency scores for t , little improvement is
required by insurers tc able outputs. Based on
the variable-specific e ing relatively well on
claims and labour. Wit 2re observed to perform

well on the variable-sf iciency.

ariable-specific MEA

efficiency diﬁere@wee fe gre, the ta—analysis of the
A :

comprehensive MEA eﬁ@scores of the life and _qgn-_li[@lers across the 2008-2019
~—— INTEGRI PROCEDAMUS
o it Sekerved

periods was used. On average; | significantly outperform non-life

The third objective al

insurers at 0.1% significance level on the comprehensive efficiency. The performance of the

insurers varied on the utilisation of inputs and the generation of investment income.
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The final objective of the study investigated the exogenous covariates of insurers in Ghana.
Using the second stage non-parametric analysis, the MEA integrated insurance efficiencies
were regressed on some insurance-specific factors; competition, solvency, size, type of insurer,
underwriting risk, leverage and profitability using robust econometric models such as the
pooled OLS, FE, RE, RE-HAC, RE-PCSE, RE-SCC and the two-step system GMM model.
The results of the two-step system GMM model revealed significant positive impact of

competition and the lagged dependent variable on insurance efficiency in Ghana.
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CHAPTER FIVE

SUMMARY, CONCLUSION AND RECOMMENDATIONS

5.1 Introduction

The final chapter of this study is made up of three sections. The first section presents the
summary, the second uses the key findings to make conclusions and the third section presents

recommendations for policy, practice and further academic research.

5.2 Summary of the study

The main purpose of . thi specific efficiencies of

Ghanaian insurers ove d to pinpoint variable

potentials across life & e impact of insurance
on economic growth t growth in insurance
penetration rate in Ghana:Despiie the plethora insurance efi iciency and dynamic
productivity change st a and to the best of the

author’s knowledge, n Ghanaian insurers.

The novel MEA (1999) and further
operationalised by As 0 5 1 jated and disaggregated
efficiencies of Ghanaian inst 7 | model of Zhu et al. (2019)
was used for the n [ ici : ology. The inputs;

fixed assets, Iabour ande uf#&ﬁﬁﬂésﬂaﬂmﬁﬂ,ﬁ%

an undesirable output; claims of 13 life and 17 non-life insurers were sampled from the NIC

N, investment income and

for the periods 2008 - 2019. Just like other insurance efficiency studies, this study investigated
the impact of competition, size, solvency, leverage, type of insurer, underwriting risk and

profitability on the comprehensive efficiency of Ghanaian insurers using robust econometric
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models like the pooled OLS, FE, RE, RE-HAC, RE-PSCE, RE-SCC and the two-step system

GMM model. The two-step system GMM model was chosen and used to make conclusions

and interpretations of the second-stage analysis. The study’s key findings are as follows:

Given the pooled summary statistics, on average, insurers received GHS28,640,604 as
equity capital, injected GHS4,920,182 and GHS14,340,536 into fixed assets and labour
costs respectively, generated GHS31,835,053 from net premium and GHS9,223,024
from investment income, and finally spent GHS13,885,505 on claims. With the
exception of labour, significant differences were identified in each input and output
variable across the 12-year study period.

At the group level, non-life insurers recorded high and insignificant levels of inputs

than life insurer: ses were significantly

high.
Statistically, t ology of the Ghanaian
insurance sect
On average, i ms were considered as
a desirable the s efficiency could be
underestimatec undesirable output in
insurance effic nd undesirable claims
estimates were el of significance.
With claims beingc
obtained i 13. Howeversfatter densities
| — |

2016. Even-though &' félatively, small, proportion jof. insurers-operated at full claim
efficiency in 2019 and 2011, a: greater brobortio;l of insurers attained full claims
efficiency in 2015, 2017 and 2018. Overall, the claims performance of insurers was

good in 2013 and 2015 but relatively poor in 2019.
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vi.  On average, insurers recorded 82% comprehensive efficiency. This suggests very little

potential for insurers to reduce inputs and undesirable outputs or raise desirable outputs.
Based on the variable-specific efficiencies, fat efficiency densities were depicted for
claims and labour on high-efficiency scores. However, very low efficiencies were
obtained for investment income.

vii.  On average, life insurers (mean = 63%) were consistently more efficient than non-life
insurers (mean = 44%). Besides, the number of efficient life insurers increased steadily
across entire the study period. This means that, the overall performance of life insurers
outperformed non-life insurers and based on a Mann-Whitney U test, the difference in
performance was confirmed to be at a 0.1% significance level.

viii.  In a disaggregated view, efficiency differences were identified between life and the

non-life insure stment income.

iIX. The lagged de d to have positive and
significant i hanaian insurers. No
significant impa age, profitability, type of
insurer and un f Ghanaian insurers is
determined b of competition in the

industry.

5.3 Conclusion

portant |ssue that re

on insurance eff|0|ency as sé%ﬁt&ﬂﬂﬂmﬁlﬂﬁﬂ‘e@r

the appropriate claim performance level of insurers. Hence, claims must be used as an undesirable

ple consideration

hle output does not provide

output in insurance efficiency estimation to avoid misleading efficiency scores. Second, the sole
use of the comprehensive efficiency of insurers does not provide accurate information on the

utilisation and generation of the input and output variables of insurers respectively. Third,
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Ghanaian life insurers are more efficient than Ghanaian non-life insurers, they outperform non-
life insurers on the utilisation of inputs and the generation of investment income. Finally, the
level of competition in the insurance industry has the highest impact on the performance of
Ghanaian insurers followed by the previous year’s performance of insurers. However, size,
solvency, type of insurer and underwriting risk do not have a significant impact on the

efficiency of Ghanaian insurers.

5.4 Recommendations

A number of recommendations on policy, practice and further academic research can be made
from the findings and conclusion made in the preceding sections, The recommendations are as

follows:
For policy:

agement of investment

i. The NIC

products i should be paid on the

amount of quarterly reports, this

will help t ent income generation.
Furthermo ga i sessions for insurers.

Insurers m

For practice: @—

I Insurance mav@must improve. thelt_per.formad, ' 0
T INTEGR| PROCEDAMUS.

should be crucial in the sefection-and-management of their investment products.

ng financial institutions.

nvestm_ent income. They

ii. Non-life insurance managers must improve their overall performance. They must
also learn from life insurance managers on how to utilise inputs and generate more

investment income.
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For academic research:

i Further research should be undertaken to assess the input/output-specific
dynamic productivity change and cost efficiency of Ghanaian insurers in the
presence of undesirable outputs with the novel MEA model.

ii. Future studies should assess the efficiency contribution of insurer variables
on comprehensive efficiency to identify the specific contribution(s) of the
variables on insurer comprehensive efficiency.

iii. Future studies should also explore the determinants of the variable-specific

efficiencies.

5.6 Limitations o

Despite the law guidi IC, the audited annual

reports of some ins 16 figures had to be

mathematically gener

5.7 Chapter sum

This chapter presentec ludes that life insurers
outperform non-life ir
impact on insurer performa

dynamic producii

o
undesirable outputs with t
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Appendix A
Tabular taxonomy of multi-directional efficiency analysis studies
Author (Year) | Efficiency/ | Models Orientation | Inputs Outputs Sample, Sector Findings
No Productivit (Input/Out Country,
y Measure put/None) Period
1 | Asmild et al. production | DEA AND | input e Building e Qross 1808 Danish | Agriculture On average an
2003 efficiency MEA oriented costs return farms (1994) inefficient farm can
e Equipment save 231726 DKK by
cost, reducing inputs to the
Capital levels of the selected
benchmark
2 Labajova, et Technical MEA 71 Pig Advisory services and
al. (2016) efficiency g questionnair | production farm location were
ion | esout of not significantly
138, correlated with
to | Sweden, technical efficiency
(2009 — as well as housing
2011) practice.
3 Zhu et al. Total factor | MEA MIP 16 main Banking The large state-owned
(2020) productivity | & DEA, Chinese commercial banks
Meta- commercial performed better than
frontier banks the small medium
framework (2005-2015) commercial banks in

terms of total factor
productivity growth.
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Asmild & Technical MEA non- e number of e netinterest | 14 Chinese | Banking JSBs are more
Matthews efficiency orientation employees e non- banks efficient than the
(2012) e fixed assets interest (1997 - SOBs and the SOBs
e total earnings 2008) are less efficient than
deposits JSBs on utilisation of
e non- labour & production
performing of non-performing
loans. loans.
Kapelko & Dynamic MEA input and e labour cost e Total 446 large Meat Regardless the
Lansink program & investment e material revenue European processing dynamic inefficiency
(2017) managerial specific cost dairy dimension
inefficiency i manufacturin considered,
g (2005- investments are the
2012) most inefficient
input, followed by
labour, and materials.
Asmild, Managerial | MEA & 3,308 Agriculture Important differences
Balezentis & | efficiency & | DEA Lithuanian in variable-specific
Hougaard program family farms performance of the
(2016) efficiency (2004-2011) farms can be hidden
when using the DEA-
based Malmquist
index.
Asmild, Technical MEA 23 European | Transport All the reform
Holvad, efficiency countries initiatives have
Hougard & (1995 — negative impacts on
Kronborg. 2001) the inefficiencies on
(2009) both material and

staff costs,
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8 Bi et al. (2014) | energy & MEA non- e Labour e value- 30 Chinese | Energy, Identify the energy
environment orientation o fixed capital added provinces in | environment | saving
al efficiency e investment amount mainland & Transport | potential and CO2
e volume of e CO2 (2006-2010) emissions reduction
energy potential for each
consumed province and area in
China in this study

9 | Adamie & rational MEA & non- e variable cost e milk meat | specialist Agriculture The findings show the
Hansson inefficiency | DEA, oriented & e asset outputs Swedish importance of time
(2021) Markov input- e labour e other dairy farms, dynamics in

transitional | oriented e land outputs in | (2009 — efficiency

dynamic arm 2016) achievements with
implications to cross-
sectional view.

10 | Asmild, managerial | MEA 30 Banking Found significantly
Kronborg, efficiency Bangladesh higher efficiencies of
Mahbub & banks both the inputs (non-
Matthews (2001-2015) labour costs and
2019) | | e NONA=PE labour costs) as well

e -J . 2
i INTEGR| PROCEDAMUS T

149

as one of the outputs
in the time window of
the GFC period for
the Islamic banks
compared to the
private conventional
banks.
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Appendix B
Claims efficiency when desirable
INSURERS 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019
Activa | 1.00 048 046 066 066 019 057 041 027 020 0.18 0.16
CDHL 088 046 099 062 023 016 033 052 053 043 091 0.86
Donewell IC 041 100 045 054 089 024 038 029 057 049 045 031
Donewell L 1.00 09 071 076 100 100 1.00 1.00 0.67 0.37 049 0.52
Enter L 1.00 100 0.78 062 100 100 100 1.00 1.00 0.84 1.00 0.49
Enterprise IC 063 100 063 100 075 059 100 087 100 1.00 0.73 0.59
Equity IC 059 019 026 044 043 036 049 048 062 031 043 044
Ghana L 1.00 072 081 076 083 041 063 059 060 0.17 1.00 1.00
Ghana UA 099 078 100 065 056 053 064 069 058 0.28 0.38 0.66
GhanaUnion L 034 045 042 032 069 086 076 050 053 021 025 042
Glico Gl 0.83 054 041 0.30
Glico L 0.89 073 0.72 1.00
Met L 1.00 1.00 1.00 1.00
Metropolitan IC 0.74 039 100 1.00
NSIA GC 0.16 0.18 0.16 0.16
Phoenix IC 056 034 062 0.73
Phoenix L 1.00 1.00 1.00 1.00
Prime | 055 025 049 045
Provident IC 024 026 0.15 0.28
Provident L 0.80 057 091 1.00
Quality IC 040 023 032 0.23
Quality L 0.90 100 0.65 0.57
Regency Al 0.88 058 1.00 0.71
SICIC 0.34 025 024 0.05
SICL 1.00 1.00 1.00 1.00
Star AC 0.66 048 035 0.69
Star L . —. 00 1.00 098 100 1.00
Unique IC 540 63 043 036 0.33
Vanguard AC . 1 OJHJF%Gﬁi Fi%%@?‘ ' 87 084 047 066 0.78
Vanguard L 1.00 1.00 O':!I 086 1.00 0.84 016 1.00 1.00
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Appendix C
Comprehensive efficiency

INSURERS 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 | Geomean
Activa | 0.86 0.01 003 028 025 100 063 0.63 063 054 0.75 0.40 0.31
CDHL 0.01 0.03 003 031 1.00 086 072 042 016 0.26 024 0.28 0.19
Donewell IC 0.02 040 023 030 033 051 100 1.00 0.63 0.61 056 0.36 0.37
Donewell L 1.00 0.22 009 053 100 100 1.00 100 044 055 045 0.25 0.51
Enter L 0.70 100 100 100 1.00 100 100 1.00 100 1.00 1.00 0.89 0.96
Enterprise IC 0.05 1.00 002 100 029 047 058 1.00 100 1.00 056 0.45 0.41
Equity IC 0.05 1.00 100 034 1.00 062 1.00 1.00 060 1.00 0.70 0.56 0.61
Ghana L 1.00 0.16 0.13 026 038 056 1.00 046 051 1.00 1.00 1.00 0.50
Ghana UA 0.09 033 100 029 052 028 062 080 035 042 027 0.11 0.35
GhanaUnionL 021 065 1.00 087 0.89 100 0.71 1.00 060 1.00 0.65 1.00 0.75
Glico Gl 1.00 031 0. 036 041 0.46 0.36 0.32
Glico L 0.12 0.43 0.44 0.41
Met L 1.00 1.00 0.63 0.96
Metropolitan IC  1.00 0.60 1.00 0.47
NSIA GC 0.08 0.83 0.42 0.41
Phoenix IC 0.05 0.65 0.56 0.36
Phoenix L 1.00 1.00 1.00 0.62
Prime | 1.00 0.49 0.36 0.28
Provident IC 0.42 1.00 0.55 0.28
Provident L 0.42 0.82 1.00 0.71
Quality IC 0.05 0.61 0.42 0.29
Quality L 0.07 0.72 0.52 0.53
Regency Al 1.00 1.00 0.69 0.62
SICIC 0.02 032 034 0.19
SICL 0.09 1.00 1.00 0.67
Star AC 1.00 0.89 0.50 0.66
Star L 0.69 1.00 1.00 0.69
Unique IC 1.00 0.11-0:034:0. ‘ 002052075 1.00 060 | 0.42
Vanguard AC 1.00 1.0 .0 D:39==0:68=—0:67 70 039 021 0.58
VanguardL  1.00 1.00 1.00 f?o 079 mﬁ‘ (-}38 100 1.00 100 | 0.84
Geomean 026 025 017 037 054 064 064 0.76 059 0.74 066 0.52
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Appendix D
Pooled variable-specific efficiencies when claims are undesirable
Fixed asset

INSURERS 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 | Geomean
Activa | 096 076 075 081 067 100 085 0.88 0.73 066 087 0.71 0.80
CDHL 0.70 0.67 064 062 100 073 071 061 056 063 063 0.60 0.67
Donewell IC 0.75 082 0.76 063 057 067 100 100 0.72 0.70 0.76 0.62 0.74
Donewell L 1.00 082 075 092 100 1.00 100 1.00 059 0.69 0.64 0.66 0.82
Enter L 096 100 100 100 1.00 100 1.00 100 1.00 100 1.00 0.90 0.99
Enterprise IC 0.70 1.00 0.67 100 073 064 092 100 1.00 1.00 0.78 0.67 0.83
Equity IC 0.67 1.00 100 064 100 081 100 1.00 0.87 1.00 093 0.71 0.87
Ghana L 1.00 067 066 062 058 0.75 100 066 062 1.00 1.00 1.00 0.78
Ghana UA 070 084 100 0.71 0.67 064 077 095 055 066 0.69 0.52 0.71
GhanaUnion L 075 089 100 099 100 100 0.80 100 0.80 100 0.81 1.00 0.91
Glico Gl 1.00 0.73 0.66 0.71
Glico L 0.81 0.76 0.73 0.84
Met L 1.00 1.00 0.92 0.99
Metropolitan IC  1.00 0.74 1.00 0.81
NSIA GC 0.75 0.89 0.63 0.80
Phoenix IC 0.76 0.99 0.77 0.81
Phoenix L 1.00 1.00 1.00 0.89
Prime | 1.00 0.71 0.65 0.75
Provident IC 0.66 1.00 0.99 0.72
Provident L 0.83 0.85 1.00 0.86
Quality IC 0.73 0.78 0.64 0.70
Quality L 0.64 0.72 0.70 0.77
Regency Al 1.00 1.00 0.91 0.91
SICIC 0.72 0.68 0.50 0.67
SICL 0.61 1.00 1.00 0.87
Star AC 1.00 0.92 0.80 0.88
Star L 0.97 1.00 1.00 0.86
Unique IC 1.00 1.00 0.86 0.82
Vanguard AC 1.00 085 0.82 0.88
Vanguard L 1.00 1.00 1.00 0.94
Geomean 0.84 0.85 0.78
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Labour

INSURERS 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 | Geomean
Activa | 097 073 072 079 063 100 081 074 082 077 086 0.73 0.8
CDH L 075 069 069 068 100 097 083 070 065 0.67 063 0.70 0.7
Donewell IC 083 084 084 069 063 075 100 1.00 089 081 0.75 0.67 0.8
Donewell L 100 079 073 089 100 1.00 100 1.00 0.72 0.71 0.69 0.70 0.8
Enter L 098 100 100 100 100 1.00 1.00 100 100 100 100 0.93 1.0
Enterprise IC 0.77 100 0.74 100 079 0.78 080 100 100 100 0.77 0.73 0.9
Equity IC 070 1.00 100 0.67 100 0.83 100 1.00 0.83 1.00 0.84 0.76 0.9
Ghana L 100 071 074 068 064 079 100 075 073 1.00 100 1.00 0.8
Ghana UA 0.76 084 100 0.76 071 075 086 092 080 079 0.68 0.56 0.8
GhanaUnionL 082 090 100 083 082 100 073 100 0.77 100 0.77 1.00 0.9
Glico GI 100 080 078 0.78 065 080 060 0.78 070 0.69 0.72 0.68 0.7
Glico L 087 091 084 087 095 08 090 1.00 090 086 0.72 0.75 0.9
Met L 1.00 100 100 100 100 100 100 1.00 1.00 1.00 1.00 O0.87 1.0
Metropolitan IC 1.00 083 0.77 081 067 08 071 0.77 071 0.76 0.78 1.00 0.8
NSIA GC 0.85 0.77 1.00 0.88 0.66 0.8
Phoenix IC 0.83 0.83 089 099 0.75 0.8
Phoenix L 1.00 1.00 1.00 100 1.00 0.9
Prime | 1.00 0.73 0.85 0.76 0.69 0.8
Provident IC 0.77 0.68 0.79 1.00 0.99 0.8
Provident L 0.93 1.00 0.77 0.87 1.00 0.9
Quality IC 0.80 0.72 0.89 0.75 0.68 0.8
Quality L 0.68 0.66 1.00 0.89 0.77 0.8
Regency Al 1.00 1.00 0.82 1.00 0.84 0.9
SICIC 0.78 0.67 0.77 072 0.54 0.7
SICL 0.61 0.57 1.00 1.00 1.00 0.9
Star AC 1.00 0.85 1.00 095 0.72 0.9
Star L 0.85 0.75 1.00 1.00 1.00 0.9
Unique IC 1.00 0.72 0.84 1.00 0.82 0.8
Vanguard AC 1.00 1.00 0.83 081 0.77 0.8
Vanguard L 1.00 1.00 1.00 1.00 1.00 0.9
Geomean 0.88 0.82 0.88 0.85 0.80
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Equity capital

INSURERS 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 | Geomean
Activa | 092 080 078 077 0.68 100 081 073 078 073 084 0.72 0.79
CDH L 074 070 072 072 100 096 082 073 062 0.67 062 0.60 0.73
Donewell IC 091 082 095 070 076 079 100 1.00 079 0.82 0.76 0.62 0.82
Donewell L 1.00 080 0.78 0.87 100 1.00 100 1.00 066 077 0.73 0.65 0.84
Enter L 096 1.00 1.00 1.00 100 100 100 1.00 1.00 1.00 1.00 0.96 0.99
Enterprise IC 070 1.00 068 100 0.77 072 068 100 1.00 1.00 0.78 0.66 0.82
Equity IC 070 100 1.00 069 1.00 086 100 1.00 0.76 1.00 082 0.80 0.88
Ghana L 1.00 071 077 070 077 0.88 100 069 071 100 1.00 1.00 0.84
Ghana UA 071 083 1.00 069 062 060 063 080 058 0.68 0.70 0.52 0.69
GhanaUnion L 0.76 1.00 0.74 1.00 0.87
Glico GI 1.00 067 0.69 0.67 0.73
Glico L 0.77 070 074 0.61 0.75
Met L 1.00 1.00 1.00 0.79 0.98
Metropolitan IC ~ 1.00 0.83 0.83 1.00 0.81
NSIA GC 0.79 1.00 086 0.74 0.81
Phoenix IC 0.79 096 099 0.72 0.82
Phoenix L 1.00 1.00 1.00 1.00 0.89
Prime | 1.00 097 071 0.66 0.78
Provident IC 0.65 0.76 1.00 0.99 0.77
Provident L 0.88 091 094 1.00 0.86
Quality IC 0.78 0.84 0.73 0.66 0.80
Quality L 0.67 1.00 0.88 0.69 0.86
Regency Al 1.00 0.97 1.00 0.89 0.92
sIC IC 0.75 0.82 064 051 0.71
sICL 0.62 1.00 1.00 1.00 0.91
Star AC 1.00 _ 100 083 0.67 0.84
Star L 0.95 0. : | . T 100 1.00 1.00 0.92
Unique IC 1.00 084 0.6 ,ﬂ.ﬁEé 3{@0 ﬁmg5 3 085 100 082 0.84
Vanguard AC 1.00 1.00 1.00 079 -0.85 092100 076 098 0.75 0.75 0.89
Vanguard L 1.00 1.00 100 1.00 094 0.86 085 1.00 071 100 1.00 1.00 0.94
Geomean 086 085 085 079 0.83 088 078 089 078 0.89 0.84 0.77

154



University of Ghana http://ugspace.ug.edu.gh

Net premium

INSURERS 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 | Geomean
Activa | 098 082 078 055 064 100 075 091 091 079 082 054 0.75
CDH L 065 069 067 058 100 098 097 075 060 071 050 0.55 0.71
Donewell IC 095 085 09 054 066 087 100 1.00 098 090 0.90 0.59 0.81
Donewell L 100 088 079 088 100 100 1.00 100 053 0.64 054 0.40 0.74
Enter L 099 100 100 100 100 100 100 1.00 100 100 1.00 O0.97 1.00
Enterprise IC 055 100 0.66 100 062 080 091 100 100 100 0.90 0.64 0.86
Equity IC 069 100 100 077 100 094 100 1.00 096 100 0.98 0.89 0.95
Ghana L 1.00 073 071 040 066 068 100 050 0.74 100 100 1.00 0.74
Ghana UA 069 048 100 062 076 079 083 097 079 087 0.69 0.18 0.67
GhanaUnion L 086 094 100 099 099 100 091 100 0.89 100 0.92 1.00 0.97
Glico Gl 100 094 078 068 066 092 061 083 062 071 086 0.70 0.73
Glico L 090 087 087 09 074 087 095 100 089 089 0.88 0.76 0.87
Met L 100 100 100 100 100 100 100 100 100 100 100 0.55 0.94
Metropolitan IC ~ 1.00 0.85 1.00 0.80
NSIA GC 0.87 0.88 0.44 0.74
Phoenix IC 0.85 1.00 0.80 0.86
Phoenix L 1.00 1.00 1.00 0.87
Prime | 1.00 0.66 0.44 0.61
Provident IC 0.65 1.00 0.97 0.76
Provident L 0.95 0.92 1.00 0.73
Quality IC 0.85 0.88 0.56 0.84
Quality L 0.57 0.80 0.68 0.81
Regency Al 1.00 1.00 0.96 0.93
SICIC 0.81 0.69 0.73 0.72
SICL 0.16 1.00 1.00 0.99
Star AC 1.00 099 0.82 0.89
Star L 0.95 1.00 1.00 0.95
Unique IC 1.00 1.00 0.74 0.86
Vanguard AC 1.00 0.96 0.89 0.89
Vanguard L 1.00 1.00 1.00 0.94
Geomean 0.83 0.87 0.72
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Investment Income

INSURERS 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 | Geomean
Activa | 091 0.01 001 018 0.19 1.00 067 0.68 066 0.65 0.88 0.43 0.24
CDHL 0.01 0.02 002 028 1.00 094 081 043 012 020 0.22 0.29 0.21
Donewell IC 0.01 0.27 011 028 031 050 100 1.00 057 063 056 0.44 0.44
Donewell L 1.00 0.12 004 036 100 100 100 1.00 0.74 0.84 0.67 0.25 0.46
Enter L 048 100 100 100 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.96 1.00
Enterprise IC 0.03 1.00 0.01 1.00 020 048 058 1.00 100 1.00 0.52 0.58 0.45
Equity IC 0.03 100 100 030 1.00 052 1.00 1.00 049 100 0.60 0.57 0.72
Ghana L 1.00 0.10 0.07 025 042 058 100 0.75 067 1.00 100 1.00 0.46
Ghana UA 0.05 0.23 100 0.22 075 022 075 084 033 037 020 0.13 0.37
GhanaUnionL 0.11 055 1.00 099 100 1.00 085 100 0.73 100 0.72 1.00 0.88
Glico GI 1.00 011 0.03 018 028 037 049 031 022 035 043 0.34 0.23
Glico L 005 021 005 049 089 040 0.75 100 026 042 034 047 0.38
Met L 1.00 100 100 100 100 100 100 100 1.00 1.00 1.00 0.95 1.00
Metropolitan IC  1.00 0.66 1.00 0.38
NSIA GC 0.04 097 0.76 0.48
Phoenix IC 0.02 0.39 0.67 0.35
Phoenix L 1.00 1.00 1.00 0.57
Prime | 1.00 056 0.51 0.24
Provident IC 0.47 1.00 0.30 0.22
Provident L 0.25 0.93 1.00 0.91
Quality IC 0.02 0.70 0.59 0.27
Quality L 0.04 091 0.72 0.69
Regency Al 1.00 1.00 0.65 0.49
SICIC 0.01 0.27 0.52 0.19
SICL 0.08 1.00 1.00 0.82
Star AC 1.00 097 0.53 0.61
Star L 0.55 1.00 1.00 0.64
Unique IC 1.00 1.00 0.84 0.36
Vanguard AC 1.00 024 0.11 0.44
Vanguard L 1.00 1.00 1.00 0.82
Geomean 0.19 0.65 0.57
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Claims

INSURERS 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 | Geomean
Activa | 082 071 081 076 072 100 091 083 091 080 096 0.76 0.83
CDHL 073 068 073 075 100 098 097 077 068 070 0.66 0.63 0.76
Donewell IC 093 076 092 073 066 085 1.00 1.00 097 0.84 0.88 0.67 0.84
Donewell L 100 08 076 088 100 100 100 100 0.76 082 0.78 0.68 0.87
Enter L 094 100 100 100 1.00 100 100 100 1.00 1.00 100 0.94 0.99
Enterprise IC 0.74 100 0.72 100 0.79 081 070 1.00 100 1.00 0.90 0.70 0.85
Equity IC 0.74 100 100 082 100 092 100 100 096 100 096 0.85 0.93
Ghana L 1.00 070 071 068 069 084 100 079 0.79 100 1.00 1.00 0.84
Ghana UA 071 083 100 071 082 080 088 085 080 081 081 0.54 0.79
GhanaUnion L 084 086 100 099 098 100 091 100 0.88 100 091 1.00 0.95
Glico Gl 1.00 090 080 073 072 091 072 076 069 070 085 0.71 0.78
Glico L 0.84 088 083 077 09 082 072 100 0.72 084 0.88 0.64 0.82
Met L 1.00 100 100 100 100 100 100 100 100 100 100 O0.76 0.98
Metropolitan IC | 1.00 0.77 1.00 0.83
NSIA GC 0.86 0.98 0.80 0.86
Phoenix IC 0.83 1.00 0.75 0.86
Phoenix L 1.00 1.00 1.00 0.87
Prime | 1.00 0.86 0.69 0.82
Provident IC 0.75 1.00 0.99 0.83
Provident L 0.85 091 1.00 0.91
Quality IC 0.83 0.88 0.71 0.84
Quality L 0.69 0.88 0.74 0.86
Regency Al 1.00 1.00 0.78 0.92
SICIC 0.80 0.85 0.79 0.79
SICL 0.61 1.00 1.00 0.90
Star AC 1.00 099 0.74 0.92
Star L 0.88 1.00 1.00 0.89
Unique IC 1.00 1.00 0.40 0.82
Vanguard AC 1.00 0.95 0.77 0.90
Vanguard L 1.00 1.00 1.00 0.93
Geomean 0.87 0.92 0.79
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